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Abstract

A vocoder is a system that analyzes and synthesizes speech signals based on a mathe-

matical or statistical model, enabling efficient representation and generation of speech.

Conventional vocoders are built upon the source-filter theory, where speech is gener-

ated by filtering an excitation signal through a vocal-tract filter. By explicitly modeling

and estimating the source and filter components, these source-filter vocoders offer inter-

pretable and flexible control of speech parameters such as pitch and timbre. However,

because they rely on simplified mathematical assumptions such as linearity and short-

time stationarity, they struggle to fully capture the complex aspects of speech, limiting

achievable synthesis quality.

In contrast, neural vocoders learn a nonlinear, data-driven mapping from acoustic

features to speech waveforms. These approaches do not require explicit modeling of

the speech production mechanism, and the entire generation process is instead learned

in a purely data-driven manner. Among these, neural vocoders based on generative

adversarial networks (GANs) have become a prominent paradigm, offering a favorable

balance between speech quality and computational efficiency. Nevertheless, neural

vocoders still exhibit fundamental limitations. Because their internal mechanisms are

learned without explicit physical structure, they operate as black boxes, which restricts

interpretability, controllability, and generalization to unseen conditions. Furthermore,

their discrete-time, nonlinear processing can give rise to non-physical artifacts, high-
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lighting a fundamental gap between continuous-time speech production and neural

waveform synthesis.

Thus, signal-processing-based vocoders and neural vocoders exhibit complemen-

tary strengths and weaknesses, and integrating the advantages of both paradigms has

emerged as a promising direction. Although prior studies have explored such hybrid

approaches, they often encounter a trade-off between physical interpretability and mod-

eling flexibility, in part due to the linear or simplified assumptions embedded in the

physically motivated components.

To overcome these limitations, this study proposes design principles that effectively

leverage the nonlinear modeling capacity of neural networks, while guiding the model

to incorporate key physical aspects of speech production. These ideas are organized

into two complementary perspectives: (1) Functional perspective: reflecting the func-

tional aspects of speech production based on the source-filter theory by encouraging

an implicit decomposition within a single generator network; (2) Signal-processing

perspective: exploring signal representations and processing schemes that respect the

continuous-time nature of the actual speech production process.

Guided by these principles, this study investigates three themes that embody and

validate the proposed design philosophy. (i) Unified source-filter modeling, which intro-

duces implicit source-filter decomposition within a single GAN generator through reg-

ularization on intermediate signals, achieving a favorable balance between speech qual-

ity and fundamental frequency controllability. Experimental results demonstrate that

unified source-filter modeling can simultaneously achieve speech quality comparable

to modern neural vocoders and controllability competitive with classical source-filter

approaches. (ii) Efficient unified source-filter modeling, which applies the same prin-

ciple to an efficient multi-stage upsampling-based GAN generator, demonstrating its



xi

effectiveness across different architectures and enabling real-time waveform generation

on a single CPU. Experimental results indicate that the unified source-filter modeling

remains effective even in upsampling-based architectures, leading to improved percep-

tual quality and real-time inference performance. (iii) Aliasing-free neural waveform

synthesis, which provides a theoretical analysis of aliasing, one of the most prominent

non-physical artifacts in neural vocoders, and introduces a practical formulation that

avoids aliasing and demonstrates performance improvement in multiple aspects. Ex-

perimental results show that aliasing-free waveform synthesis improves robustness in

unseen fundamental frequency conditions while significantly reducing computational

cost. Collectively, these studies explore the intersection between the physical speech

production process and neural waveform synthesis, contributing to the development of

physically grounded neural vocoders.





1 Introduction

This chapter presents the background of this thesis, the landscape of related tech-

nologies, and the research objectives. Section 1.1 describes the fundamental frame-

work of speech synthesis and the role of vocoders. Section 1.2 reviews conventional

signal-processing-based vocoders and summarizes their characteristics and limitations.

Section 1.3 discusses the development of neural vocoders, along with their advantages

and remaining challenges. Section 1.4 surveys prior studies closely related to this dis-

sertation on neural vocoders inspired by the physical mechanisms of speech production.

Finally, Section 1.5 states the objective of this research, and Section 1.6 outlines the

overall structure of this dissertation.

1.1 Research Background

A vocoder (voice coder) is a technology designed to analyze (encode) and synthe-

size (decode) speech signals. The concept of the vocoder was proposed by Dudley [1],

and it was originally developed to achieve efficient bandwidth compression and speech

coding for telecommunications. Instead of transmitting the raw speech waveform,

Dudley’s system extracts and transmits its physical characteristics, such as the spec-

tral envelope in each frequency band, and reconstructs the waveform on the receiver

side. This concept of analyzing and re-synthesizing speech signals later evolved beyond

telecommunications and became a fundamental framework for speech synthesis. The
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Figure 1.1: A traditional vocoder consists of an analyzer (encoder) that decomposes a

speech waveform into acoustic features, and a synthesizer (decoder) that reconstructs the

waveform from these features. An acoustic model infers such features from high-level

representations, such as text, musical scores, or speech waveforms, thereby forming

a complete speech generation pipeline, including text-to-speech (TTS), singing voice

synthesis (SVS), and voice conversion (VC) tasks. In modern terminology, the term

vocoder broadly refers to the waveform synthesis (decoder) module.

analysis-synthesis principle established by the early vocoder remains a core idea in

modern speech modeling.

As illustrated in Fig. 1.1, modern speech synthesis systems typically adopt a two-

stage framework consisting of (1) acoustic feature estimation by the acoustic model

and (2) waveform generation by the vocoder. This pipeline enables a wide range of

applications, including text-to-speech (TTS), singing voice synthesis (SVS), and voice

conversion (VC). In this framework, the acoustic model predicts acoustic features,

such as prosody, linguistic content, and timbre, from various types of inputs (e.g.,

text, musical scores, or audio waveforms), and the vocoder subsequently generates

the corresponding time-domain speech waveform. Unlike traditional vocoders, which

perform both analysis (encoding) and synthesis (decoding), modern vocoders serve
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Figure 1.2: Schematic overview of the source-filter theory of speech production.

solely as decoders, focusing exclusively on waveform generation from acoustic features.

This thesis focuses on the design and development of modern vocoders that serve as

decoders.

Over the past decade, the rapid advancement of deep learning has revolutionized

speech synthesis, driving major progress in both acoustic modeling and vocoder de-

sign. Processes that once relied on hand-crafted features or simplified mathematical

models [2,3] are now learned automatically through data-driven optimization. The in-

troduction of the neural vocoder [4–6], in combination with neural acoustic modeling,

represented a pivotal moment that transformed the methodology of speech synthe-

sis. Owing to their powerful modeling capacity, neural models can represent complex

waveform structures and acoustic patterns that traditional signal-processing-based ap-

proaches could not capture, enabling the generation of speech that is perceptually
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indistinguishable from natural recordings. As a result, expressive and high-quality

speech generation has been achieved across various applications. The next section in-

troduces the classical signal-processing-based vocoders, which laid the theoretical and

structural foundation for modern approaches.

1.2 Source-Filter Models

Traditionally, vocoders have been developed as mathematical models that explicitly

represent the human speech production process. According to the source-filter theory

[7] (Fig. 1.2), speech can be interpreted as the combination of two primary components:

a sound source and a resonance filter. The sound source corresponds to the airflow

and vibration generated by the vocal folds, which act as a periodic excitation during

voiced sounds and as a turbulent noise source during unvoiced sounds. The resonance

filter represents the shape of the vocal tract, including the mouth, throat, and nasal

cavities, which determine the resonant characteristics of the speech signal. Although

the vocal-tract shape continuously changes due to articulator motion, these variations

are typically modeled as a time-varying transfer function. Thus, speech production can

be interpreted as a process in which the excitation signal generated by the vocal folds

is shaped by the vocal tract and radiated as audible sound.

Vocoders designed according to this theory are referred to as source-filter vocoders.

In typical implementations, the source is modeled as a periodic pulse train that simu-

lates vocal-fold vibration, or as a mixed excitation signal that combines periodic pulses

with noise (the pulse-plus-noise model). The vocal-tract filter is usually represented

as a short-time, linear, time-invariant system. This structure enables a parametric

separation between the source and filter contributions, allowing independent control

of each component. For instance, modifying the source periodicity affects pitch and
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intensity, while adjusting the filter’s resonant characteristics alters phonetic content

and timbre. Such a decompositional framework offers both interpretability and con-

trollability, making it a powerful foundation for analyzing and manipulating speech.

Even today, source-filter vocoders remain a core technology in applications that require

flexible control. In particular, precise fundamental frequency (F0) control is essential

for reproducing prosody and melodic contours, playing a vital role in expressive speech

and singing voice synthesis.

However, source-filter vocoders have inherent limitations. Because they rely on sim-

plified excitation models and assumptions, such as linearity and short-term stationarity,

they cannot accurately capture the complex, nonlinear, and stochastic nature of real

speech signals. Consequently, the synthesized speech often lacks natural temporal and

spectral variations and tends to exhibit perceptual artifacts, both of which degrade

the overall speech realism. In addition, both the analysis and synthesis stages require

manually designed acoustic features, which makes automatic optimization difficult and

increases reliance on expert knowledge.

1.3 Neural Vocoders

In response to these limitations, neural vocoders have emerged as a new generation of

speech synthesis models. Most modern neural vocoders are formulated as probabilistic

generative models, in which deep neural networks (DNNs) directly learns the map-

ping from acoustic features to speech waveforms (or their conditional distributions).

Unlike traditional vocoders, these approaches require no explicit design of source or

filter components; instead, the parameters are learned automatically in a data-driven

manner using large-scale speech corpora. Representative examples include the au-

toregressive model WaveNet [4], which generates waveforms sample by sample, and
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the non-autoregressive model Parallel WaveGAN (PWG) [8], which achieves parallel

waveform generation through adversarial learning. These models have achieved speech

quality surpassing that of conventional source-filter vocoders, and further refinements

have pushed synthesis performance to a level nearly indistinguishable from natural hu-

man speech. Among these approaches, neural vocoders based on generative adversarial

networks (GAN) [9] have become particularly dominant because they offer an effective

balance between speech quality and computational efficiency.

Nonetheless, neural vocoders still face several challenges. First, unlike signal-processing-

based models, they require large amounts of data and computational resources for

training. Second, their internal mechanisms function as a black box, making it diffi-

cult to identify which network components correspond to specific acoustic features and

thereby limiting controllability. This limitation not only hinders fine-grained speech

control but also affects generalization, the ability to adapt to unseen speakers or to

F0 ranges beyond the training data. Third, although neural vocoders achieve high

representational power through extensive nonlinear transformations, these operations

are applied to discretely sampled signals, which can introduce artificial distortions that

deviate from the continuous and physically grounded speech production process [10,11].

The third issue warrants particular attention. Neural networks operate as digi-

tal signal processing systems, and according to the Nyquist-Shannon sampling theo-

rem [12,13], the frequency range representable in discrete time is fundamentally limited.

In such systems, nonlinear operations can introduce frequency components beyond the

Nyquist limit, which are folded back into the baseband as aliasing. Aliasing intro-

duces issues absent from the continuous physical process, leading to noisy artifacts

and breaking the shift invariance of convolutional neural networks (CNNs). In con-

trast, conventional source-filter models do not include nonlinear operations that give



1.4. Physically Oriented Neural Vocoders 7

rise to aliasing. Even when nonlinearity is introduced, it is typically done in a con-

trolled and physically interpretable manner, such as waveform shaping or excitation

modeling, thereby preserving consistency with the assumptions of the speech produc-

tion mechanism. Consequently, aliasing has not been a practical concern in traditional

signal-processing-based approaches.

1.4 Physically Oriented Neural Vocoders

As discussed in the previous section, signal-processing-based and neural vocoders

exhibit complementary strengths and weaknesses. To overcome this trade-off, a number

of studies have explored neural vocoders physically oriented with the speech production

mechanism that integrate the strengths of both paradigms. In this context, physically

oriented refers to model designs that implicitly or explicitly incorporate structural

assumptions inspired by aspects of the physical speech production process. This section

reviews representative research trends in this direction and discusses the remaining

challenges.

A major line of research focuses on incorporating linear filters to represent vocal-tract

resonances while integrating them with data-driven neural components. The key idea

is to design hybrid architectures that divide the modeling task between analytically

defined components and neural networks, determining which aspects of speech produc-

tion should be represented by explicit signal-processing models and which should be

learned from data. Within this framework, several modeling strategies have emerged.

One approach generates the excitation signal using DNNs while employing analytically

defined linear filters for vocal-tract modeling, as demonstrated by [14–23]. Another

approach adopts the opposite strategy, using parametric excitation models while esti-

mating the filter coefficients through DNNs, as in [24–27]. More data-driven approaches
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pursue a fully integrated design in which both the excitation and linear filtering pro-

cesses are jointly learned within a unified neural network, as seen in [28–32]. Across

these variations, linear filters serve as principled and interpretable models of vocal-

tract resonances, while neural networks flexibly learn nonlinear characteristics that are

difficult to capture analytically. This integration offers a structured path to combine

the physical interpretability with the flexibility of deep learning.

Another research trend focuses on incorporating F0-driven mechanisms to achieve ro-

bust pitch control and improve generalization beyond the training distribution. Since

the F0 characterizes the periodicity of vocal fold vibration, explicitly conditioning neu-

ral vocoders on F0 enables controllable synthesis. Two main strategies have been ex-

plored in this context. The first introduces analytic F0-based periodic signals [33–35],

such as sine waves or pulse trains generated from the target F0, similar to the excita-

tion modeling in classical source-filter vocoders. This approach reduces the burden of

learning harmonic phase progression purely from data and provides stable and accu-

rate pitch reproduction. The second strategy employs pitch-dependent network archi-

tectures [36–38], where convolutional layers dynamically adjust their receptive fields

according to the instantaneous F0. These structures act as inductive biases that align

the network’s receptive field with the quasi-periodic structure of speech, enhancing

F0 controllability. While these mechanisms substantially improve pitch controllability,

challenges remain in handling unseen F0 values and in integrating them as a coher-

ent component of the source–filter modeling framework, which directly motivates the

models proposed in this thesis.

Another line of research addresses the continuous-discrete time gap inherent in dig-

ital signal processing. As discussed in the previous section, one of the most prominent

issues arising from discrete-time computation is aliasing. To mitigate this problem, Lee
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et al. [11] introduced anti-aliased nonlinear operations that temporarily expand the sig-

nal bandwidth to suppress spectral folding within neural vocoder architectures. Cho et

al. [39] identified aliasing as a major factor that breaks the shift-equivariance property

of CNNs and proposed training schemes to promote this property, thereby indirectly

reducing aliasing. Shang et al. [40] further developed a training framework that quanti-

fies and penalizes spectral asymmetry to explicitly suppress frequency-folding artifacts

during optimization. Because aliasing arises from the discrete-time implementation of

neural networks, it cannot be fundamentally eliminated, and existing countermeasures

require extra filtering or oversampling, increasing computational cost.

1.5 Research Objective

Speech generation is a continuous-time physical process that is well described by

the source-filter theory, whereas neural vocoders operate as discrete-time black-box

systems trained through data-driven optimization. Although modern neural vocoders

have achieved remarkable improvements in speech quality, two fundamental challenges

remain. First, their internal mechanisms do not explicitly account for the actual speech

production process, which in turn limits controllability and generalizability. Second,

there exists a fundamental mismatch between the continuous-time nature of speech pro-

duction and the discrete-time dynamics learned by neural vocoders, which inevitably

introduces signal-processing inconsistencies such as aliasing.

At the same time, deep learning provides a powerful framework for discovering un-

derlying structures and relations through high-dimensional nonlinear mappings learned

directly from data. The central viewpoint of this dissertation is that combining such

data-driven learning capabilities with physically oriented modeling can address the

challenges of existing neural vocoders. To this end, this study proposes design prin-
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ciples organized around two complementary perspectives. (1) Functional perspective:

reflecting the functional aspects of the speech production based on the source-filter the-

ory by encouraging an implicit decomposition of excitation generation and resonance

filtering within a single generator network. (2) Signal processing perspective: explor-

ing signal representations and processing schemes in neural networks that respect the

continuous-time characteristics of the speech production process. Guided by these per-

spectives, the subsequent chapters investigate neural vocoders through three distinct

themes.

• Theme 1: Unified Source-Filter Modeling

This theme focuses on modeling both the excitation source and the vocal-tract

filter within a single unified framework, leading to a unified source-filter GAN

(uSFGAN). While conventional approaches often design either the source or the

filter using signal-processing modules, the proposed method constructs a uni-

fied neural network in which both components are represented through learnable

nonlinear transformations. Whereas prior studies impose a source-filter decompo-

sition through parametric formulations, this framework introduces an inductive

bias that guides the neural network toward representations that respect the phys-

ical speech production mechanism. This enables high-quality speech generation

together with robust F0 controllability.

• Theme 2: Efficient Unified Source-Filter Modeling

This theme proposes SiFi-GAN (Source-Filter HiFi-GAN), which integrates the

efficient upsampling-based generator architecture with the unified source-filter

modeling. Such upsampling-based generators offer a more favorable balance be-

tween modeling capacity and computational efficiency than the PWG-style archi-

tecture used in uSFGAN. SiFi-GAN demonstrates that the unified source-filter
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modeling can be incorporated into this efficient generator architecture, yielding

improved perceptual quality while substantially reducing computational cost, en-

abling real-time generation even on a single CPU.

• Theme 3: Aliasing-Free Neural Waveform Synthesis

The final theme investigates the internal behavior of neural vocoders from a

signal-processing perspective, with particular focus on aliasing. Neural vocoders

typically operate directly on discrete-time waveforms using convolutional neural

networks, which inevitably introduce aliasing. To address this issue, this theme

explores a time-frequency-domain formulation in which the generator predicts

a complex spectrogram, a redundant representation of the waveform. Empiri-

cal evaluations demonstrate that the proposed time-frequency-domain vocoder,

Wavehax, intrinsically avoids aliasing and yields improvements across multiple

aspects of performance.

Through these investigations, this dissertation explores the connection between the

physical speech production process and neural vocoders. It provides theoretical insights

and design principles for developing physically grounded neural vocoders, thereby sup-

porting continued advances in speech synthesis technology.

1.6 Thesis Overview

This thesis consists of eight chapters and an appendix. An overview of the remain-

ing chapters is illustrated in Fig. 1.3. Chapter 2 introduces WORLD [3], a signal-

processing-based vocoder based on the source-filter theory. The chapter begins with

a detailed explanation of the source-filter theory, which provides a mathematical ap-

proximation of the speech production process, and then describes the analysis and
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synthesis procedures that form the basis of the WORLD system. Chapter 3 reviews

the foundations and development of neural vocoders. It organizes the design princi-

ples and architectural characteristics of vocoders derived from various deep generative

models and explains how these differing approaches have shaped current trends in neu-

ral waveform generation. This background highlights why GAN-based vocoders have

emerged as the prominent choice in practical applications. Chapter 4 surveys research

efforts that incorporate explicit formulations of the physical speech production mecha-

nism into neural vocoder design. By embedding physically motivated inductive biases

into network architectures and training objectives, these approaches aim to improve

vocoder performance from multiple perspectives. Chapters 5, 6, and 7 develop the

three central themes of this dissertation, as outlined in the previous section. Chapter 5

presents uSFGAN, corresponding to the first theme. Chapter 6 introduces SiFi-GAN,

addressing the second theme. Chapter 7 proposes Wavehax, which constitutes the third

theme. Chapter 8 summarizes the contributions of this dissertation and discusses its

limitations. Finally, Appendix 9 provides supplementary experiments and proofs.
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Figure 1.3: Overview of the thesis structure.





2 Source-Filter Model

This chapter introduces the theoretical foundation and signal-processing framework

underlying speech analysis and synthesis technologies. Section 2.1 first describes the

source-filter theory [7], a fundamental concept that mathematically models the speech

production mechanism. Section 2.2 then introduces WORLD [3], a representative

vocoder based on the source-filter theory and widely used in modern speech research

and applications. Finally, Section 2.3 concludes the chapter with a brief summary.

2.1 Source-Filter Theory

2.1.1 Overview

The source-filter theory provides both an intuitive understanding of the speech pro-

duction process and a theoretical foundation for speech analysis and synthesis algo-

rithms. Speech waveforms are extremely long, complex, and nonstationary signals in

the time domain. However, within a sufficiently short time window (typically less than

about 10 ms), the parameters describing the speech signal can be regarded as approx-

imately constant. Under this quasi-stationarity assumption, the speech production

process can be locally modeled as a short-time linear time-invariant system, allowing

the speech signal to be interpreted as the combination of a source excitation component

and a resonant filter component.
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The process of speech generation begins with an excitation signal produced by vocal-

fold vibration and glottal airflow. This excitation is shaped by the resonant, damping,

and radiation characteristics of the vocal tract before being emitted as audible sound.

In the source-filter theory, this process is approximated as a linear convolution system

and expressed as

s(t) = (h ∗ e)(t), (2.1)

where e(t) denotes the excitation signal, h(t) represents the impulse response of the

vocal tract, and s(t) is the observed speech waveform.

Applying the Fourier transform converts this relationship into a multiplicative form

in the frequency domain:

S(ω) = H(ω)E(ω), (2.2)

where S(ω), H(ω), and E(ω) denote the complex spectra of the speech signal, the

vocal-tract transfer function, and the excitation signal, respectively. This formulation

shows that the speech spectrum can be expressed as the product of the excitation

characteristics E(ω) and the vocal-tract characteristics H(ω). Taking the logarithm of

the magnitude spectrum converts this multiplicative relationship into an additive one:

log |S(ω)| = log |E(ω)|+ log |H(ω)|. (2.3)

This formulation provides the basis for treating the excitation and filtering processes

as separable components, an idea that underlies cepstral analysis and the spectral

envelope estimation methods discussed later.
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This separation is supported by the markedly different spectral variation scales of the

two components: the excitation spectrum E(ω) contains sharp periodic peaks spaced

according to the fundamental frequency F0, whereas the vocal-tract filter responseH(ω)

exhibits a smooth spectral envelope shaped by resonant formant structures. These

contrasting spectral characteristics enable the approximate independent estimation of

the source and filter contributions.

2.1.2 Source Modeling

This section describes how the excitation signal of speech is mathematically mod-

eled. In the source-filter theory, the excitation signal corresponds to the glottal airflow

produced by vocal-fold vibration and serves as the input to the vocal-tract filter. The

following subsections introduce the periodic excitation model and its extension to a

mixed excitation representation.

Periodic Excitation Model

In voiced speech segments, periodic excitation generated by vocal fold vibration

propagates through the vocal tract and is shaped by its resonant characteristics. Ide-

ally, this excitation signal e(t) can be approximated as a sequence of impulses with a

constant fundamental period T0 within a short time frame:

e(t) =
∞∑

n=−∞

δ(t− nT0), (2.4)

where δ(t) denotes the Dirac delta function.
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The Fourier transform of this signal is given by

E(ω) =
2π

T0

∞∑
k=−∞

δ(ω − kω0), (2.5)

where ω0 = 2π/T0 = 2πF0, and F0 = 1/T0 represents the fundamental frequency.

Accordingly, E(ω) exhibits sharp peaks at integer multiples of ω0, corresponding to

frequency positions at integer multiples of F0, thereby forming a harmonic structure.

The fundamental frequency F0 reflects the periodic opening and closing of the vocal

folds and is a key physical parameter governing the excitation characteristics. More-

over, perceived pitch is strongly related to F0, although the human auditory system

exhibits an approximately logarithmic sensitivity to frequency.

Mixed Excitation Model

Speech is not composed solely of periodic components. It also contains aperiodic

components generated by unvoiced segments and consonants. Consonants, in particu-

lar, are produced when the airflow in the vocal tract is constricted or blocked, which

creates turbulent noise dominated by aperiodic energy. Therefore, it is natural and

effective to model the excitation signal as a mixed excitation source comprising both

periodic and aperiodic components.

To represent differences in periodicity across frequency bands, the mixed excitation

source introduces an independent periodicity parameter αb(ω) for each frequency band

b. This parameter can be defined either as a binary variable indicating voiced or

unvoiced states [41], or as a continuous value representing the degree of periodicity [42].

The excitation spectrum in each band is then expressed as a weighted combination of
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harmonic and noise components:

Eb(ω) = αb(ω)E
(h)
b (ω) +

(
1− αb(ω)

)
E

(n)
b (ω), (2.6)

where αb(ω) ∈ [0, 1] denotes the periodicity ratio in band b. Here, αb(ω) = 1 corre-

sponds to fully periodic, whereas αb(ω) = 0 represents purely aperiodic.

This formulation enables excitation to be described with frequency-dependent peri-

odicity rather than a single global parameter. Consequently, both the strongly periodic

low-frequency regions and the highly aperiodic high-frequency regions can be handled

naturally within a unified framework. Furthermore, mixed-excitation models have

proven highly useful in speech synthesis and modification. By controlling the band-

wise periodicity parameter αb, we can flexibly manipulate the perceived voice quality

of synthesized speech. For example, reducing αb increases the relative contribution of

aperiodic components, yielding a breathy or whisper-like timbre.

2.1.3 Filter Modeling

This section describes the modeling of the vocal-tract filter. In the source-filter

framework, the vocal-tract filter shapes the spectral envelope of the excitation signal. In

digital signal processing, it is typically implemented as either a finite impulse response

(FIR) system or an infinite impulse response (IIR) system.

Finite Impulse Response Model

The cepstrum is obtained by applying the inverse Fourier transform F to the log-

arithmic amplitude spectrum of a speech signal. It represents the periodic structure

of the spectrum on a time-like axis called the quefrency. For a speech signal s(t) with
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spectrum S(ω), the cepstrum is defined as

cs(τ) = F−1{log |S(ω)|}, (2.7)

Through this transformation, the fine periodic structure of the spectrum is mapped

to the high-quefrency region, whereas the smooth spectral envelope appears in the

low-quefrency region.

According to the source-filter theory, the logarithmic amplitude spectrum of speech

can be expressed as Eq. (2.3), which leads to an additive relationship in the cepstral

domain:

cs(τ) = ce(τ) + ch(τ), (2.8)

where ce(τ) and ch(τ) denote the cepstral components of the excitation source and

the vocal-tract filter, respectively. Because these two components occupy different

quefrency regions, the source-related structure appearing at high quefrencies and the

vocal-tract envelope at low quefrencies, they can be separated by retaining only the

low-quefrency coefficients. This liftering operation, implemented by multiplying the

cepstrum by a rectangular window, is equivalent (via the convolution theorem) to

smoothing the logarithmic amplitude spectrum. As a result, sharp harmonic structures

are attenuated and a smooth spectral envelope corresponding to vocal-tract resonances

can be obtained.

For implementation as an FIR filter, the low-quefrency cepstrum c
(low)
s (τ) is trans-

formed back into the frequency domain and exponentiated to reconstruct the spectral

envelope:

Ĥ(ω) = exp
(
F{c(low)

s (τ)}
)
, (2.9)
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where F{·} denotes the Fourier transform. The resulting Ĥ(ω) represents the frequency

response of the vocal-tract filter, and its inverse Fourier transform yields a finite-length

impulse response ĥ(t) = F−1{Ĥ(ω)}.

Cepstrum-based vocal-tract modeling offers numerical stability and is straightfor-

ward to implement. However, its accuracy is highly sensitive to the choice of the

quefrency threshold used for low-pass liftering. A cutoff that is too low causes exces-

sive smoothing of the spectral envelope, while one that is too high fails to sufficiently

suppress harmonic structures originating from the excitation source. To address these

limitations, advanced source-filter models such as STRAIGHT [2] and WORLD [3]

employ F0-adaptive techniques, as explained in Section 2.2.3.

Infinite Impulse Response Model

Whereas the FIR model approximates the spectral envelope through nonrecursive

smoothing in the frequency domain, the IIR model captures the vocal-tract charac-

teristics by employing a recursive structure in the time domain. A representative and

widely used implementation of this approach is linear predictive coding (LPC) [43,44].

In LPC, the speech signal is modeled as an autoregressive process, assuming that

the current sample is a linear combination of past samples plus an excitation term:

s(t) =

p∑
k=1

aks(t− k) + e(t), (2.10)

where s(t) denotes the speech waveform, ak are the linear prediction coefficients, and

p is the model order. The residual signal e(t) represents the component that cannot

be linearly predicted from past samples. Under the quasi-stationarity assumption of

speech, the coefficients ak are treated as constant within each short analysis frame
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and are typically estimated by minimizing the mean-square prediction error. This

recursive formulation effectively models the resonant characteristics and provides a

compact, smooth representation of the spectral envelope.

Applying the z-transform to the above relation yields

S(z) =

(
p∑

k=1

akz
−k

)
S(z) + E(z), (2.11)

which can be rearranged as

S(z)

(
1−

p∑
k=1

akz
−k

)
= E(z), (2.12)

and thus,

S(z) =
1

1−
∑p

k=1 akz
−k
E(z). (2.13)

This formulation has the same structure as the source-filter model S(z) = H(z)E(z),

where the vocal-tract transfer function given by

H(z) =
1

1−
∑p

k=1 akz
−k
. (2.14)

Accordingly, the LPC formulation models the vocal tract as an all-pole system, with

the excitation signal E(z) serving as its input.

In the time domain, the corresponding residual signal is defined as

e(t) = s(t)−
p∑

k=1

aks(t− k), (2.15)

which aligns with the source-filter relation s(t) = (h ∗ e)(t). Thus, LPC provides a

unified representation of both glottal excitation and stochastic noise as the residual
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signal that drives the vocal-tract filter.

However, to ensure filter stability, all poles of the system must lie inside the unit cir-

cle. Moreover, an all-pole model such as LPC cannot explicitly represent spectral zeros

(anti-formants), which correspond to frequency regions where acoustic cancellations in

the vocal tract attenuate the spectrum.

2.2 WORLD: Conventional Source-Filter Model

2.2.1 Overview

TheWORLD vocoder [3] is a representative implementation of the source-filter model

for speech analysis and synthesis. As shown in Fig. 2.1, WORLD consists of three

main analysis algorithms: Harvest [45] for F0 estimation, CheapTrick [46] for spectral

envelope estimation, and D4C [47] for band-wise aperiodicity estimation. The speech

waveform is then reconstructed from these parameters using a synthesis algorithm.

The following subsections describe each algorithm in detail.

2.2.2 Harvest: Fundamental Frequency Estimation

Overview

The fundamental frequency is the most essential parameter for representing the pe-

riodic structure of voiced sounds. Accurate estimation of F0 is crucial because subse-

quent analyses, such as spectral envelope and aperiodicity estimation, are performed

in an F0-synchronous manner. However, natural speech often contains non-periodic

components, such as breath noise and background noise, which easily cause false F0

detections when simple periodicity-based detectors are used. To address this problem,
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Figure 2.1: Block diagram of the analysis–synthesis framework of the WORLD vocoder

[3], where three speech parameters are extracted by separate analysis algorithms and

used for the synthesis algorithm based on the source–filter theory [7].

the Harvest algorithm [45] was proposed, a high-performance F0 estimation algorithm

that achieves both accuracy and robustness. Its reliability-driven framework and tem-

porally consistent design make it a key component of the WORLD vocoder system.

The Harvest algorithm consists of two major stages. In the first stage, multiple

F0 candidates are extracted from the input waveform using a bank of bandpass filters.

By employing multi-band filtering and overlapping strategies, Harvest maintains stable

candidate extraction even for speech signals contaminated by non-periodic components.
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In the second stage, each candidate is refined and evaluated based on its reliability,

which is computed using instantaneous frequency analysis to measure the harmonic

consistency of each candidate. A temporally coherent F0 contour is then constructed

by integrating the reliability scores with dynamic smoothing constraints. This sepa-

ration between candidate extraction and temporal refinement enables both diversity

and continuity in the F0 trajectory, resulting in stable and perceptually consistent F0

estimation.

Step1: Candidate Extraction and Refinement

The input speech signal is first decomposed using a bank of narrow-bandpass fil-

ters with logarithmically spaced center frequencies ωc (e.g., 40 channels per octave).

Each filter is designed to isolate a limited frequency region centered at ωc and out-

puts a quasi-sinusoidal waveform dominated by the spectral component around that

center frequency. From each filtered waveform, a preliminary estimate of the local

fundamental period is obtained using measures such as zero-crossing or peak-to-peak

intervals. The average of these local period estimates within a short time frame is then

calculated, and its reciprocal is taken as the instantaneous F0 value for that band. To

ensure that each filter output properly represents the target spectral region, only those

whose dominant frequency lies within ±10% of the center frequency ωc are retained.

Outputs deviating beyond this range are considered unreliable, as they likely contain

interference from adjacent harmonics or noise components.

To suppress spurious detections, the remaining local period estimates are compared

across adjacent frequency bands. Only the values that are consistent across multiple

neighboring bands are retained as valid F0 candidates. This cross-band consistency

check effectively removes false periodicities caused by strong harmonic overtones or
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transient noise, resulting in a set of temporally dense and spectrally consistent F0

candidates.

Each F0 candidate is then refined using the instantaneous frequency, which is de-

fined as the temporal derivative of the instantaneous phase of the short-time spectrum.

The instantaneous phase represents the time-varying argument of the complex-valued

spectrum S(ω, t), and its derivative provides the true local angular frequency of each

spectral component. Harvest employs Flanagan’s formula to compute the instanta-

neous frequency because it allows direct computation from the real and imaginary

parts of the short-time spectrum. For a candidate with angular frequency ω0, the

instantaneous frequency at the k-th harmonic, denoted by ωi(kω0, t), is calculated as:

ωi(ω, t) =
ℜ[S(ω, t)]ℑ[∂S(ω, t)/∂t]−ℑ[S(ω, t)]ℜ[∂S(ω, t)/∂t]

|S(ω, t)|2
,

where S(ω, t) is the short-time spectrum obtained using a Blackman window of width

3T0, and T0 = 2π/ω0 is the candidate period.

The refined fundamental frequency ω̂0 is then computed as the weighted average of

the instantaneous frequencies of its harmonic components:

ω̂0 =

∑K
k=1 |S(kω0, t)|ωi(kω0, t)∑K

k=1 k |S(kω0, t)|
, (2.16)

where K denotes the number of harmonics used for refinement. Since speech has strong

harmonics only in the low-to-mid frequency range, using about six harmonics achieves

a good balance between capturing the periodic structure and avoiding unreliable high-

frequency components.
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Finally, the reliability of each candidate is evaluated by

r =
K∑K

k=1

∣∣∣ωi(kω0,t)
k

− ω0

∣∣∣ . (2.17)

This measure represents the degree of harmonic consistency among theK instantaneous

frequencies. When the instantaneous frequencies ωi(kω0, t) closely follow the expected

integer-multiple relationship kω0, the deviations in the denominator become small,

resulting in a larger r value. Thus, a higher r indicates stronger harmonic regularity

and greater confidence in the corresponding F0 candidate.

Step2: Construction of F0 Trajectory

In the second stage, Harvest constructs a continuous and reliable F0 contour from the

frame-wise candidates and their associated reliability scores obtained in the previous

step. The process focuses on temporal coherence and robustness to spurious or unstable

detections. First, unreliable candidates with low reliability are removed, leaving only

those that represent stable periodicity in the waveform. Next, temporal continuity

is enforced by discarding candidates that exhibit abrupt frequency changes between

adjacent frames, ensuring that the resulting trajectory evolves smoothly over time.

Short and isolated voiced segments likely caused by transient noise are excluded, while

small gaps between reliable voiced regions are bridged by interpolation to maintain

continuity. After connecting the voiced regions, the F0 trajectory is smoothed using a

low-pass filter to suppress residual fluctuations and to produce a perceptually natural

F0 contour.
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2.2.3 CheapTrick: Spectral Envelope Estimation

Overview

The spectral envelope |H(ω)| characterizes the acoustic response of the vocal tract

and thus largely determines the timbre and formant structure of speech. In practical

signal processing, however, estimates of the envelope often vary with window place-

ment, local harmonic interference, and non-periodic noise components. The Cheap-

Trick algorithm [46] was developed to provide a pitch-synchronous, temporally stable,

and computationally efficient spectral envelope estimator. In its design, CheapTrick

seeks to suppress harmonic interference via a pitch-synchronous window, enforce tem-

poral consistency through smoothing in the frequency domain, and remove residual

time-varying components via cepstral liftering.

Step 1: Pitch-Synchronous Windowing

CheapTrick performs a pitch-synchronous analysis to eliminate time-varying com-

ponents in the power spectrum. For each analysis frame, the fundamental period

T0 = 1/F0 obtained from the estimated F0 is used to determine the window length.

A Hanning window with a length of three pitch periods (L = 3T0) is applied to the

waveform centered at the analysis time tc:

xw(t) = x(t)w(t− tc), w(τ) = 0.5

(
1− cos

2πτ

L

)
.

When a waveform is extracted using a Hanning window of three fundamental periods,

the total power of the windowed signal becomes almost constant regardless of the
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extraction timing, as expressed by

∫ 3T0

0

(
y(t)w(t)

)2
dt = 1.125

∫ T0

0

y2(t)dt.

The power spectrum is then calculated as

P (ω) = |Xw(ω)|2.

If adjacent harmonics interfere through convolution with the window spectrum, the

resulting spectral overlap causes time-dependent variations in the power spectrum.

The pitch-synchronous Hanning window used in CheapTrick is designed so that its

spectral zeros coincide with integer multiples of the fundamental angular frequency,

nω0 (ω0 = 2π/T0). These zeros eliminate such interference, making the power at nω0

temporally static.

Step 2: Spectral Smoothing

The power spectrum P (ω) obtained in Step 1 can contain spectral zeros, which result

in numerical instability when taking the logarithm in the subsequent cepstral liftering

process. To prevent this problem, CheapTrick performs F0-synchronous smoothing in

the frequency domain by convolving P (ω) with a rectangular window whose width is

determined from the fundamental angular frequency ω0 = 2π/T0:

Ps(ω) =
3

2ω0

∫ ω0/3

−ω0/3

P (ω + λ) dλ.

The smoothing bandwidth of 2ω0/3 is empirically chosen to ensure numerical stability

while minimizing inter-harmonic interference and avoiding excessive spectral smooth-

ing, which can otherwise blur formant structures. This step stabilizes the power spec-
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trum and provides a robust input for the subsequent cepstral analysis.

Step 3: Liftering and Spectral Recovery

After the spectral smoothing in Step 2, CheapTrick performs a cepstral-domain pro-

cessing to remove residual time-varying components and to reconstruct the spectral

envelope. A logarithmic transform and inverse Fourier transform yield the cepstrum:

ps(τ) = F−1{logPs(ω)}.

Two liftering functions are applied to the cepstrum: a smoothing lifter ls(τ) to suppress

rapid cepstral fluctuations and a recovery lifter lq(τ) to restore the spectral resolution

reduced by the smoothing process. The overall operation is expressed as

Pl(ω) = exp{F [ ls(τ) lq(τ) ps(τ) ]}.

The smoothing lifter ls(τ) is designed using a sinc function:

ls(τ) =
sin(πf0τ)

πf0τ
,

which removes time-varying components that concentrate around multiples of the fun-

damental period T0, while simultaneously performing spectral smoothing. The recovery

lifter lq(τ) compensates for the amplitude attenuation caused by the smoothing process

and is given by

lq(τ) = q0 + 2q1 cos (2πf0τ) ,

where q0 and q1 are empirically determined constants that restore the overall spectral
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level. Finally, the refined power spectrum is obtained as

Pl(ω) = exp {q0 logP (ω) + q1 (logP (ω + ω0)P (ω − ω0))} ,

and the spectral envelope is estimated by taking the square root:

|H(ω)| =
√
Pl(ω).

This liftering procedure successfully removes time-varying components while recovering

the spectral shape of periodic signals, yielding a smooth yet accurate estimate of the

vocal-tract spectral envelope.

2.2.4 D4C: Band-Aperiodicity Estimation

Overview

The D4C (Definitive Decomposition Derived Dirt-Cheap) algorithm estimates ape-

riodicity, defined as the ratio of periodic to aperiodic (non-periodic) energy in the

excitation signal. This parameter characterizes breathiness and naturalness of speech.

A key motivation for using group delay in D4C is that it provides a representation

in which the harmonic structure is clearly emphasized. D4C takes advantage of this

property by constructing a parameter derived from group delay, from which an almost

purely periodic signal can be reconstructed. The deviation between this ideal periodic

component and the original speech signal then reflects the aperiodic energy, enabling a

robust estimation of band-wise aperiodicity. The D4C algorithm consists of three main

steps: (1) extraction of temporally static parameters based on group delay, (2) param-

eter shaping to emphasize the fundamental periodic component, and (3) estimation of

band-wise aperiodicity using a spectral power ratio.
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Step 1: Temporally Static Group-Delay

Let s(t) be a speech signal and let S(ω) denote its complex spectrum. In general,

group delay is defined as the frequency derivative of the phase,

τg(ω) = −dϕ(ω)
dω

, (2.18)

but this conventional definition is numerically unstable. An equivalent formulation

expresses group delay in terms of the real ℜ{·} and imaginary ℑ{·} parts of S(ω), its

frequency derivative S ′(ω) = F{−jt s(t)}, and the power spectrum |S(ω)|2:

τg(ω) =
ℜ{S ′(ω)}ℑ{S(ω)} − ℜ{S(ω)}ℑ{S ′(ω)}

|S(ω)|2
. (2.19)

D4C analyzes aperiodicity using a parameter derived from the group-delay formu-

lation in Eq. (2.19). Let τ denote the center time of an analysis frame, and let w(t)

be a window function. The windowed signal is defined as y(t, τ) = w(t − τ) s(t), and

its spectrum as S(ω, τ) = F{y(t, τ)}. In general, group-delay computation from win-

dowed frames is highly sensitive to the temporal position τ ; even slight shifts can lead

to variations in the extracted parameters and consequently the synthesized speech.

D4C addresses this issue by constructing temporally static parameters that are robust

to the window position.

To suppress the dependence on τ , D4C employs pitch-synchronous windows, simi-

larly to the CheapTrick algorithm. The numerator of Eq. (2.19) is computed using a

Blackman window of length 4T0, which provides favorable characteristics for evaluating

the group-delay numerator. Using this window, the numerator is modified so that its

dependence on the analysis time τ is effectively canceled, yielding a temporally static

counterpart of the original group-delay numerator. In contrast, the denominator of
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Eq. (2.19) is obtained from the power spectrum computed using a Hanning window of

length 4T0. Because the Hanning window has a main-lobe bandwidth of ω0/2, each

harmonic component at nω0 can be analyzed with minimal interference from adjacent

harmonics. For additional numerical stability, the resulting power spectrum is further

smoothed in the frequency domain by convolution with a rectangular window of width

ω0.

Step 2: Parameter Shaping

The group-delay parameter τg(ω) obtained in Step 1 exhibits a periodic structure

with period ω0 = 2π/T0. However, the corresponding time-domain signal obtained

via inverse Fourier transform contains higher-order peaks at nT0 (n > 1) as well as

slowly varying DC components, which arise from the windowing process. To isolate

only the fundamental periodic structure, D4C smooths τg(ω) via frequency domain

processing so that these higher-order components are attenuated and the resulting

waveform approximates a single sinusoid with period T0.

First, the components corresponding to 2nT0 (n > 1) are reduced using the spectral

smoothing

τgs(ω) =
2

ω0

∫ ω0/4

−ω0/4

τg(ω + λ) dλ. (2.20)

which corresponds to multiplication by a sinc-shaped function in the time domain.

This sinc function has zeros at 2nT0 (n ∈ N), thereby suppressing higher-order har-

monic components at these positions while preserving the fundamental component at

T0. Although this smoothing does not perfectly eliminate all components above 2T0,

the remaining higher-order terms have sufficiently low power, which can be ignored

in practical use. To further remove the DC component, an additional smoothing is
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applied:

τgb(ω) =
1

ω0

∫ ω0/2

−ω0/2

τgs(ω + λ) dλ, (2.21)

Finally, the fundamental component is obtained by subtracting the slowly varying

DC component from the smoothed parameter:

τD(ω) = τgs(ω)− τgb(ω). (2.22)

The resulting parameter τD(ω) approximates a sinusoid with frequency ω0, correspond-

ing to the fundamental periodic structure of the signal. This parameter serves as the

basis for the subsequent aperiodicity estimation.

Step 3: Band-Wise Aperiodicity Estimation

In the final stage, D4C estimates the band-wise aperiodicity using the temporally

static parameter τD(ω). For each center frequency ωc = 2πfc, τD(ω) is multiplied by

a low-side-lobe Nuttall window w(ω−ωc), and the windowed spectrum is transformed

into the time domain:

p(t, ωc) = F−1
[
w(ω) τD

(
ω −

(
ωc −

wl

2

))]
. (2.23)

The power envelope |p(t, ωc)|2 is then sorted in descending order so that the con-

centrated harmonic energy appears first, followed by the aperiodic components. The

cumulative power function is defined as

pc(t, ωc) = 1−
∫ t

0

ps(λ, ωc) dλ, (2.24)
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Figure 2.2: Schematic overview of the WORLD vocoder synthesis algorithm [3]. BPE

denotes a band-pass filter.

where ps(t, ωc) denotes the sorted power values.

Finally, the band-wise aperiodicity ap(ωc) is computed as the ratio between the total

power and the power contained in the main-lobe region associated with the harmonic

component:

ap(ωc) = −10 log10
(
pc(2wbw, ωc)

)
, (2.25)

where wbw denotes the main-lobe bandwidth of the window function.

2.2.5 Speech Synthesis Algorithm

The WORLD vocoder reconstructs a speech waveform from three frame-level param-

eters estimated in the analysis stage: the fundamental frequency f0(n), the spectral

envelope |H(ω, n)|, and the aperiodicity a(ω, n). An overview of the synthesis algo-

rithm is shown in Fig. 2.2.

In the synthesis stage, a mixed excitation signal e(t) is first generated. For frames in

which voiced speech is detected, a periodic pulse train is generated with a fundamental
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period of 1/f0(n), and a noise component is added according to the aperiodicity param-

eter a(ω, n). For unvoiced frames, the excitation consists solely of noise. In this way,

the excitation is constructed as a mixture of an F0-synchronous periodic component

and an aperiodic noise component, with the mixing ratio controlled by the aperiodicity

parameter. The excitation is assumed to have an approximately flat spectral envelope,

and its phase characteristics are determined solely by the positions of the pulses. Be-

cause the pulses align the phase in a manner similar to natural glottal excitation, they

contribute to producing natural-sounding speech.

The excitation signal is then passed through a synthesis filter h(t) obtained from

the spectral envelope |H(ω, n)| estimated by CheapTrick. Because CheapTrick pro-

vides only the amplitude spectrum, a minimum-phase spectrum consistent with the

estimated envelope is first constructed. This minimum-phase spectrum is then trans-

formed into a time-domain impulse response by applying the inverse Fourier transform.

Finally, the filtered excitation in each frame is combined with its neighboring frames

using the overlap-add technique, which provides smooth frame transitions and prevents

discontinuities in the synthesized waveform. Through this process, WORLD achieves

natural speech synthesis within a purely signal-processing framework while maintaining

high interpretability and computational efficiency.

2.3 Summary

This chapter has described the source-filter theory of speech production and the

signal-processing vocoder WORLD. Speech generation can be modeled as the convo-

lution of a source excitation signal and a vocal-tract filter. The excitation signal is

characterized by different excitation models, voiced, unvoiced, or mixed excitation,

while the resonance of the vocal tract can be represented by a linear filter, such as the
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FIR or IIR system. Under this assumption, the source and filter components are addi-

tively separable in the logarithmic spectral domain, forming the theoretical foundation

for practical speech-analysis algorithms in the cepstral domain.

The source-filter model implemented in WORLD employs three analysis algorithms:

Harvest, CheapTrick, and D4C. Harvest estimates F0 robustly and accurately by eval-

uating signal periodicity through a bank of bandpass filters and integrating reliability

across multiple frequency bands. CheapTrick uses a pitch-synchronous analysis window

based on the estimated F0 to obtain short-time spectra, and estimates a temporally

stable spectral envelope via spectral smoothing and cepstral-domain processing. D4C

analyzes the group-delay characteristics of the signal to estimate the band aperiodic-

ity precisely for each frequency band, thereby improving the quality of the excitation

model. In WORLD’s synthesis stage, an excitation signal is generated from these

estimated parameters, filtered through a minimum-phase FIR filter, and the speech

waveform is reconstructed via overlap-add synthesis to maintain temporal continuity.

Source-filter vocoders, such as WORLD, provide a signal-processing framework that

mathematically models the human speech production process. They allow independent

control of acoustic parameters such as F0, spectral envelope, and aperiodicity, mak-

ing them highly effective in applications that require flexible manipulation of speech

characteristics, such as voice conversion and singing-voice synthesis. However, because

these systems typically employ minimum-phase models without explicitly reconstruct-

ing the phase spectrum, their representational capacity is limited. Furthermore, as

they rely on empirically designed algorithms, approximation errors and structural con-

straints may affect the synthesis, which sometimes result in perceptually unnatural

speech.





3 Neural Vocoder

This chapter provides an overview of research trends in neural vocoders, especially

from the perspective of deep generative models. Additionally, we discuss four key as-

pects to evaluate the performance of neural vocoders. Section 3.1 provides an overview

of the main frameworks of probabilistic generative models. Sections 3.2 through 3.4

present representative neural vocoders developed within these frameworks, summa-

rizing their characteristics. Section 3.5 organizes the evaluation criteria for neural

vocoders, which serve as guidelines for assessing the proposed methods in the subse-

quent chapters. Finally, Section 3.6 provides a summary of this chapter.

3.1 Neural Vocoders Based on Generative Models

Conventional signal-processing-based vocoders [2, 3] are typically designed on the

basis of source-filter theory [7], in which speech signals are explicitly represented in

terms of source and filter components. While this framework offers high interpretability

and controllability aligned with the human speech production mechanism, it relies on

idealized assumptions such as linearity, time invariance, and independence between

components.

In contrast, neural vocoders dispense with an explicit parametric formulation of the

speech production process and instead learn the probability distribution of the speech

waveform x directly from large amounts of data (Fig. 3.1). This data-driven modeling
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Figure 3.1: Conceptual illustration of a generative model. A generative model pθ(x)

is trained to approximate the true data distribution pdata(x) from observed samples x.

After training, new data can be synthesized by sampling from the learned distribution.

paradigm enables the model to learn underlying patterns directly from observed data

rather than from predefined assumptions. Consequently, neural vocoders can capture

latent structures and dependencies that remain beyond the descriptive capacity of

conventional frameworks.

Furthermore, by formulating the model as a conditional probability distribution p(x |

c), neural vocoders enable conditional speech generation based on arbitrary inputs

such as mel-spectrograms. This formulation also allows conditioning on higher-level

attributes, including speaker identity, emotional labels, and phonetic representations,

thereby providing flexible and high-level control over diverse speech characteristics. In

summary, neural vocoders circumvent the structural constraints imposed by traditional

source-filter assumptions and offer a more powerful and versatile framework of speech

modeling.

Deep generative models encompass a range of paradigms, including autoregressive

models, normalizing flows, and GANs, each offering distinct strengths and limitations.

Their key characteristics and differences are summarized in Fig. 3.2. Since neural

vocoders are constructed on top of these diverse frameworks, the choice of the under-

lying generative model plays a critical role in determining their performance. As the
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Figure 3.2: Comparison of major generative model families in terms of their proba-

bilistic modeling properties and learning objectives. KLD denotes the Kullback–Leibler

divergence. GANs correspond to minimizing the Jensen–Shannon divergence (JSD)

only under the assumption of a cross-entropy loss for the discriminator, as in the orig-

inal GAN formulation [9].

theoretical foundation of this dissertation, the following sections survey representative

methods from the major families of deep generative models and distill their character-

istics and design principles. This overview clarifies the fundamental frameworks that

have supported the diverse development of neural vocoder research.

3.2 Autoregressive Models

3.2.1 General Formulation

Autoregressive models are probabilistic generative models that represent a joint dis-

tribution by decomposing it into a sequence of conditional distributions. In speech
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modeling, the waveform is naturally treated as a time-ordered sequence, and genera-

tion is typically assumed to proceed sample by sample along the temporal axis. For

a speech waveform x = (x1, x2, . . . , xT ) and conditioning features c, an autoregressive

model specifies the following factorization of the conditional joint distribution:

p(x | c) =
T∏
t=1

p(xt | x<t, c), (3.1)

where x<t = (x1, . . . , xt−1) denotes all preceding samples. Each conditional distribution

p(xt | x<t, c) is assumed to belong to a parametric family pθ(·), whose parameters (e.g.,

a mean, variance, or a set of categorical probabilities) are predicted by a neural network

fθ as:

p(xt | x<t, c) = pθ
(
xt | fθ(x<t, c)

)
. (3.2)

In other words, the neural network takes the past samples and conditioning features as

input and outputs the parameters of the assumed conditional distribution at each time

step. By learning the sequence of conditional distributions, the autoregressive model

can generate the entire waveform through sequentially sampling each value.

3.2.2 Architectures

Since the emergence of WaveNet [4], neural vocoders have undergone rapid and di-

verse development. WaveNet demonstrated that deep neural networks can generate

high-quality speech waveforms, revealing the potential of the fully data-driven ap-

proach. This breakthrough established the foundation for subsequent neural vocoders,
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including both autoregressive and non-autoregressive models. 1

WaveNet is built on dilated causal convolutions and is widely recognized as the first

neural architecture capable of generating raw waveforms with high perceptual qual-

ity. Dilated convolution expands the receptive field by inserting gaps between kernel

elements, enabling the model to capture long-range temporal dependencies efficiently.

For a layer l with dilation rate dl = 2l−1, the receptive field across L stacked layers is

expressed as

R = 1 +
L∑
l=1

(kl − 1)
l−1∏
i=1

di, (3.3)

where kl denotes the kernel size at layer l. Through this exponentially growing recep-

tive field, WaveNet can condition each generated sample on thousands of past values,

effectively modeling long-term temporal structure.

Each layer employs a gated activation unit:

x′ = tanh(Wf ∗ x)⊙ σ(Wg ∗ x), (3.4)

where ⊙ denotes element-wise multiplication. External conditioning features, such as

acoustic or linguistic representations, are added as bias terms in each layer, realizing

the conditional generation process p(xt | x<t, c). This structural component, often

referred to as the WaveNet block, became a foundational design unit for subsequent

vocoders [8, 48,49].

Although WaveNet achieved high-fidelity waveform generation, its strictly sequen-

tial sampling process results in extremely slow inference, limiting its practicality. This

1Although the original WaveNet [4] was introduced as a TTS model conditioned on linguistic and
acoustic features, it was later adapted as a vocoder, referred to as the WaveNet vocoder [5, 6], which
synthesizes speech from acoustic features predicted by a separate acoustic model.
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limitation motivated the development of a variety of more efficient autoregressive ar-

chitectures aimed at improving generation speed. Among these efforts, models such as

WaveRNN [50] and FFTNet [51] achieve real-time synthesis even in CPU-only envi-

ronments while substantially reducing computational cost.

WaveRNN improves efficiency by replacing WaveNet’s deeply stacked dilated con-

volutions with a compact recurrent neural network (RNN). Its architecture is built

upon lightweight gated recurrent units that take the previous sample and conditioning

features as inputs, capturing long-term dependencies through recurrent state updates

rather than through an expanded convolutional receptive field. Furthermore, Wav-

eRNN introduces a dual softmax output scheme that decomposes each 16-bit sample

into high- and low-8-bit components, avoiding the large-scale softmax operations re-

quired for full-resolution waveform prediction.

On the other hand, FFTNet employs a different strategy, drawing inspiration from

the divide-and-conquer structure of the fast Fourier transform (FFT). Its layers form

a reversed binary-tree configuration in which each block combines two input streams

corresponding to temporal positions separated by powers of two. Using simple 1 × 1

convolutions, each layer aggregates information from increasingly distant past samples,

allowing the receptive field to expand exponentially with depth. This design provides

an efficient alternative to dilated convolutions, capturing long-range dependencies with

shallow convolutional layers.

3.2.3 Output Distribution Modeling

In many autoregressive vocoders, the output distribution of each waveform sam-

ple is modeled as a categorical distribution, following the design choice popularized

by WaveNet. WaveNet applies µ-law quantization with µ = 255 to transform each
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continuous sample into a discrete label:

yt = Quantize

(
sign(xt) ln(1 + µ|xt|)

ln(1 + µ)

)
, µ = 255. (3.5)

The µ-law function compresses the amplitude dynamic range, allocating denser quan-

tization levels to low-amplitude regions where human auditory sensitivity is higher.

This strategy reduces perceptually salient quantization errors, allowing an effective

categorical representation with a manageable number of classes.

The neural network outputs the logits over these quantized labels:

p(xt | x<t) = Categorical(yt;pt), pt = Softmax(fθ(x<t)), (3.6)

and the model parameters are optimized via cross-entropy:

LCE = −
∑
t

log p(xt = yt | x<t). (3.7)

In contrast, WaveRNN introduced a more efficient and expressive output representa-

tion, the dual softmax formulation. The model first predicts the distribution of the high

bits p(x
(h)
t | x<t), and then, conditioned on that prediction, estimates the distribution

of the low bits p(x
(l)
t | x(h)t , x<t):

p(xt | x<t) = p(x
(h)
t | x<t) p(x

(l)
t | x(h)t , x<t). (3.8)

This two-stage hierarchical parameterization preserves the expressiveness required for

high-resolution waveform modeling while reducing the computational cost.

In addition to such discrete formulations, some autoregressive models employ contin-

uous output distributions. By modeling waveform samples as continuous probability

densities rather than quantized µ-law labels, these models reduce quantization artifacts
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and enable more precise waveform reconstruction. Continuous output distributions are

used in several autoregressive vocoders [16, 22] and also serve as teacher distributions

in distillation-based neural vocoders such as [52,53], discussed in Section 3.3.

3.2.4 Limitations and Challenges

Autoregressive models inherently rely on a strictly sequential generation process,

which requires running the network once for every output sample. Because each sample

depends on all previously generated ones, the model cannot exploit parallel computa-

tion during inference. Although several architectures have been proposed to improve

efficiency and enable real-time synthesis on practical hardware, the need for sample-

by-sample generation remains an inherent bottleneck, making autoregressive vocoders

fundamentally inefficient for large-scale waveform generation.

A second limitation arises during training. Autoregressive models are typically op-

timized using teacher forcing, where the ground-truth sample is used as input when

predicting the next time step. This stabilizes learning and allows full parallelization

during training, since all time steps can be computed from the ground-truth sequence.

However, it also induces a mismatch between training and inference conditions, known

as exposure bias [54], because the model must rely on its own predictions during gen-

eration. This discrepancy often causes error accumulation and degradation of the

synthesized waveform.

In summary, while autoregressive vocoders can produce high-fidelity speech wave-

forms, their reliance on sequential sampling and the degradation caused by exposure

bias pose significant challenges for practical deployment. To overcome these limitations,

subsequent research has explored non-autoregressive generative models, including nor-

malizing flows and GANs.
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3.3 Normalizing Flow

3.3.1 General Formulation

Normalizing flows transform samples x drawn from the data distribution pdata(x)

into latent variables z = fθ(x) through an invertible mapping fθ = f1,θ1 ◦ · · · ◦ fK,θK .

Each component transformation fk,θk is designed to be bijective, ensuring that the

overall inverse mapping

x = f−1
θ (z) = f−1

K,θK
◦ · · · ◦ f−1

1,θ1
(z) (3.9)

is explicitly defined and provides a one-to-one correspondence between the data space

and the latent space. In practice, each transformation fk,θk is implemented via a neural

network parameterized by θk.

The invertibility of fθ allows the probability density in the data space to be computed

exactly via the change-of-variables formula. Letting xK = x and xk−1 = fk,θk(xk)

denote the intermediate variables at each layer, the resulting latent variable is z = x0,

and the data density px(x) is given by

px(x) = pz(z)
K∏
k=1

∣∣∣∣det ∂fk,θk(xk)

∂xk

∣∣∣∣ . (3.10)

Here, the Jacobian determinant captures the local expansion or contraction of volume

induced by each transformation. Since the latent distribution pz(z) is typically chosen

to be analytically tractable, such as a standard normal distribution, the model can

describe complex data distributions without requiring an explicit parametric form for

pdata.
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Training is performed by maximizing the log-likelihood of the model distribution,

log px(x) = log pz(z) +
K∑
k=1

log

∣∣∣∣det ∂fk,θk(xk)

∂xk

∣∣∣∣ , (3.11)

which is equivalent to minimizing the Kullback-Leibler divergence between the model

distribution px and the data distribution pdata.

On the other hand, computing Jacobian determinants generally requires O(D3) time

for a waveform of dimensionality D, making direct application to high-dimensional

data impractical. To overcome this limitation, practical flow models employ transfor-

mations, such as coupling layers and autoregressive transformations, discussed in the

next sections, whose Jacobian matrices have a triangular structure, thereby reducing

the computational cost of the determinant to O(D).

However, computing Jacobian determinants naively requires O(D3) operations, mak-

ing direct application to high-dimensional data, such as speech, impractical. To resolve

this issue, practical flow architectures employ specially structured transformations,

such as coupling layers and autoregressive transformations, whose Jacobian matrices

are triangular, thereby reducing the computational cost of the determinant to O(D).

Moreover, when the invertible transformations are designed without autoregressive de-

pendencies, the forward mapping x = fθ(z) becomes fully parallelizable, enabling fast

parallel waveform generation in contrast to autoregressive models.

3.3.2 Coupling-Based Models

A major family of flow-based neural vocoders is built upon coupling-layer architec-

tures, exemplified by FloWaveNet [55] and WaveGlow [48]. These models adapt the

Real NVP [56] and Glow [57] frameworks to waveform generation, benefiting from their
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parallelizable forward and inverse transformations.

A coupling layer splits the input x into two parts, x = (xa,xb), and transforms only

one part while keeping the other unchanged. For an affine coupling layer, the forward

transformation is defined as

ya = xa, yb = xb ⊙ exp
(
sθ(xa)

)
+ tθ(xa), (3.12)

where sθ(·) and tθ(·) are neural networks that output elementwise scale and shift pa-

rameters. Since the Jacobian of this transformation is triangular, its log-determinant

reduces to

log

∣∣∣∣det ∂y∂x
∣∣∣∣ =∑

i

sθ,i(xa), (3.13)

ensuring that likelihood computation remains tractable. This structural property en-

ables exact maximum-likelihood training and allows waveform samples to be generated

fully in parallel.

However, flow-based vocoders must impose structural constraints on each invertible

transformation to ensure that the Jacobian determinant remains tractable. As a result,

many layers must be stacked to model the complexity of speech waveforms, and ar-

chitectures such as FloWaveNet and WaveGlow typically require a substantially larger

number of parameters, over several times more than WaveNet, leading to increased

model size and computational cost.

These models also employ a squeeze operation that reshapes the one-dimensional

audio signal into multiple channels by folding the temporal dimension. This rear-

rangement groups adjacent samples into jointly processed channels, allowing coupling

layers and convolutional blocks to expand their effective receptive fields more efficiently.
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However, the operation can introduce artifacts, known as fixed-frequency noise, which

degrade the perceptual quality of the generated speech.

To address the trade-off between model expressiveness and computational efficiency

in flow-based vocoders, WaveFlow [58] proposes a compact flow-based architecture that

provides a unified view of autoregressive and bipartite flows. After applying a squeeze

operation to reshape the one-dimensional waveform into a two-dimensional matrix,

WaveFlow defines an autoregressive flow along the channel dimension, using 2D dilated

convolutions. In this formulation, likelihood evaluation remains fully parallel, whereas

synthesis requires only a fixed number of sequential steps equal to the number of

channels. By adjusting this channel dimension, WaveFlow explicitly trades off sampling

parallelism against model capacity, introducing sequential dependency as a tunable

design dimension for balancing expressiveness, parameter size, and inference speed.

3.3.3 Distillation-Based Models

Another approach to applying normalizing flows to neural vocoders is based on the

inverse autoregressive flow (IAF) [59], which underlies models such as Parallel WaveNet

[52] and ClariNet [53]. IAF models enable fully parallel generation and, unlike coupling-

layer flows, are not constrained by a fixed partition of the input, allowing more flexible

transformations. However, likelihood-based training remains inherently sequential due

to the structural duality between autoregressive and IAF models: autoregressive models

support parallel likelihood computation but generate sequentially, whereas IAF models

generate in parallel but require sequential computation for likelihood evaluation.

To overcome this generation-training trade-off, Parallel WaveNet (PWN) [52] and

ClariNet [53] adopt a two-stage training strategy known as probability density distilla-

tion. In this framework, a high-capacity autoregressive teacher model is first trained,
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and a non-autoregressive student model then learns to approximate the teacher dis-

tribution through distillation. In PWN, the autoregressive teacher uses a mixture of

logistic distributions to model 16-bit waveform samples with high fidelity, whereas the

student is implemented as an IAF model with a single logistic distribution to reduce

computational overhead. ClariNet, in contrast, employs a single Gaussian output dis-

tribution for both the teacher and the student, enabling a closed-form Kullback-Leibler

(KL) divergence and thereby simplifying the distillation procedure. The distillation ob-

jective is formulated as

Ldistill = DKL (ps(x) ∥ pt(x)) , (3.14)

which encourages the student to reproduce the teacher’s predictive distribution, en-

abling fully parallel generation while achieving speech quality comparable to that of

autoregressive models.

This two-stage procedure, however, introduces several practical challenges. First,

training requires maintaining both the teacher and student models simultaneously,

which increases memory usage and computational cost compared with single-model

training. Second, because the distillation loss minimizes the reverse Kullback-Leibler

divergence (Eq. 3.14), the student model tends to underestimate the variability of the

teacher distribution, a phenomenon often associated with mode-collapse. In practice,

this can lead to degraded perceptual quality, and prior studies have reported the need

for additional spectral or statistical loss terms to stabilize training.
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3.3.4 CNF-Based Models

To alleviate the structural constraints and computational burden present in discrete

normalizing flows, the continuous normalizing flows (CNFs) framework was introduced

by neural ordinary differential equations (ODEs) [60]. CNFs generalize a sequence of

invertible transformations into a continuous-time ODE, and the generative process is

defined as

dz(t)

dt
= fθ(z(t), t), z(0) ∼ pz(z). (3.15)

The evolution of the log probability density is given by

d log p(z(t))

dt
= −Tr

(
∂fθ(z(t), t)

∂z(t)

)
. (3.16)

This formulation treats the flow transformations as an accumulation of infinitesimal

invertible mappings in continuous time and can be interpreted as an ODE governing the

evolution of probability density. In CNFs, the neural network defines a continuous-time

transformation field, removing the explicit Jacobian computations and invertibility con-

straints of discrete flows. However, computing the trace of the Jacobian remains costly

in high-dimensional spaces. Neural ODEs still require O(D2) operations, and free-

form Jacobian of reversible dynamics (FFJORD) employs the Hutchinson estimator to

approximate this trace stochastically, reducing the complexity to O(D).

Training in CNFs involves solving the ODE backward in time to evaluate likelihoods.

During generation, the model integrates forward from z to x. During training, it

integrates backward from the observation x to the latent variable z. This guarantees

a unique inverse mapping provided that the vector field fθ satisfies mild smoothness

conditions such as Lipschitz continuity.
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Building on the CNF formulation, models such as WaveNODE [61] and WaveF-

FJORD [62] adapt continuous-time flows to neural vocoders. By removing the struc-

tural constraints imposed on transformation functions in discrete flows, CNF-based

vocoders can employ much more flexible mappings, which enables high-fidelity wave-

form generation with substantially fewer parameters than the coupling-based architec-

tures. WaveNODE achieves speech quality comparable to FloWaveNet and WaveGlow,

while using significantly fewer parameters. This demonstrates that continuous time

formulations improve the trade-off between model size and speech quality.

3.3.5 Limitations and Challenges

Normalizing flow models provide a powerful generative framework that combines

a rigorous likelihood-based training objective with an inference structure capable of

fully parallel generation. However, the structural constraints imposed on each layer

to ensure invertibility and the computational cost of evaluating Jacobian determinants

for density estimation significantly limit the expressive capacity of these models. As a

result, a clear trade-off arises among generation quality, model size, and computational

efficiency, which remains a major obstacle to achieving high-quality and efficient speech

synthesis.

Continuous Normalizing Flow (CNF) was introduced to relax the structural and com-

putational constraints inherent in discrete normalizing flows. By formulating discrete

invertible transformations as continuous-time ordinary differential equations, CNFs

provide substantially greater architectural flexibility. CNFs have also served as a theo-

retical foundation for the more recent flow matching framework, establishing an impor-

tant conceptual connection between normalizing flows and probability flows. Despite

these strengths, CNFs still suffer from practical challenges, including the computational
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overhead of numerical ODE integration as well as stability and convergence issues dur-

ing training. Consequently, in practical applications, CNFs are often less favorable

than the implicit generative models discussed in the following section.

3.4 Generative Adversarial Networks

3.4.1 General Formulation

A generative adversarial network (GAN) consists of two neural networks, a generator

G and a discriminator D, which are trained in an adversarial manner. The generator

aims to produce outputs that resemble real data, while the discriminator learns to

distinguish between natural samples drawn from the true distribution pdata(x) and

synthetic samples generated from the model distribution pG(x).

The standard minimax GAN objective is formulated as

min
G

max
D

Ex∼pdata [logD(x)] + Ez∼pz [log
(
1−D

(
G(z)

))
], (3.17)

where z is a sample drawn from a latent prior distribution (typically a multivariate

Gaussian). Under this formulation, if D is optimized to its theoretical optimum and

has sufficient expressive capacity, the resulting objective for G is equivalent to minimiz-

ing the Jensen-Shannon divergence between pdata and the model distribution. Because

GANs define an implicit probabilistic model, one that generates samples without re-

quiring evaluation of a normalized probability density, they enable the approximation of

complex data distributions without relying on explicit likelihood functions or tractable

probability densities.

For neural vocoder applications, conditional GANs provide an effective framework
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for generating high-quality waveforms from acoustic features. In this setup, the gener-

ator receives a random vector z and a conditioning feature c (e.g., a mel-spectrogram),

producing a waveform x̂ = G(z, c). The discriminator attempts to distinguish gener-

ated waveforms x̂ from natural waveforms x, with optional conditioning on auxiliary

features c, depending on the specific vocoder design. In many practical vocoders,

the explicit noise input is omitted, and the generator learn a deterministic mapping

x̂ = G(c). For notational convenience, we denote all generator inputs (e.g., z, c)

collectively as z in the following sections. The subsequent sections describe the key

components of GAN-based vocoders, including loss functions, generator architectures,

and discriminator designs.

3.4.2 Training Objective

Since GANs often exhibited unstable behaviors such as mode collapse and vanishing

gradients, GAN-based vocoders typically stabilize training by combining multiple loss

terms. The generator is optimized not only with the adversarial loss, but also with

auxiliary losses such as feature matching loss Lfm and spectral reconstruction loss

Lspec, which improve stability and perceptual quality. The overall generator objective

is generally formulated as

LG = λadvLadv + λfmLfm + λspecLspec, (3.18)

where each weighting factor λ∗ controls the contribution of the associated loss term.

GAN-based vocoders generally do not use the original cross-entropy minimax for-

mulation (Eq.3.17). Instead, they adopt alternative adversarial objectives such as the

hinge GAN [63] or least-squares GAN (LS-GAN) [64] losses, which alleviate gradient
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saturation and improve training stability. The LS-GAN loss is defined as

LD = Ex∼pdata [(D(x)− 1)2] + Ez∼pz [D(G(z))2], (3.19)

LG = Ez∼pz [(D(G(z))− 1)2], (3.20)

while the hinge formulation is given by

LD = Ex∼pdata [max(0, 1−D(x))] + Ez∼pz [max(0, 1 +D(G(z)))], (3.21)

LG = Ez∼pz [−D(G(z))]. (3.22)

The feature matching loss compares intermediate activations of the discriminator be-

tween real and generated waveforms. To further stabilize learning, the feature matching

loss compares intermediate discriminator activations for natural and generated wave-

forms:

Lfm = E

[∑
i

1

Ni

∥D(i)(x)−D(i)(G(z))∥1

]
, (3.23)

where D(i)(·) denotes the output of the i-th discriminator layer and Ni is the number

of elements in that layer. By matching the discriminator’s intermediate feature repre-

sentations for real and generated waveforms, the generator is encouraged to produce

signals whose characteristics resemble those of natural speech.

To enforce consistency between the generated waveform x̂ and the target waveform
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x in both temporal and spectral domains, GAN-based vocoders often incorporate a

multi-resolution short-time Fourier transform (STFT) loss. This loss captures fine-

and coarse-grained spectral structures as well as partial phase information. Following

the formulation used in Parallel WaveGAN (PWG) [8], the multi-resolution STFT loss

is defined as the average of spectral losses computed with M different sets of STFT

analysis parameters (e.g., window length, FFT points, and frame shift):

LMR-STFT =
1

M

M∑
m=1

L(m)
STFT, (3.24)

LSTFT = Ex,z [Lsc(x,G(z)) + Lmag(x,G(z))] , (3.25)

where L(m)
sc and L(m)

mag denote the spectral convergence and log-magnitude losses at

resolution m, respectively:

Lsc(x, x̂) =
∥ |STFT(x)| − |STFT(x̂)| ∥F

∥ |STFT(x)| ∥F
, (3.26)

Lmag(x, x̂) =
1

N
∥ log |STFT(x)| − log |STFT(x̂)| ∥1, (3.27)

where || · ||F is the Frobenius norm, | STFT(·) | denotes the STFT magnitude, and

N is the number of elements in the spectrogram. Because STFT resolution depends

on analysis parameters, employing multiple resolutions enables the model to capture

diverse spectral patterns and prevents it from overfitting to a particular time-frequency

scale.

A widely used variant of spectral loss is the mel-spectrogram loss, which evaluates
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discrepancies in a perceptually motivated frequency domain. This loss measures the

L1 distance between mel-spectrograms converted from real and synthesized waveforms:

Lmel = Ex,z

[
1

N
∥M(x)−M(G(z))∥1

]
, (3.28)

where M(·) denotes the mel transform and N is the number of mel bins. The mel-

spectrogram provides a frequency-warped representation that reflects key characteris-

tics of human auditory perception. Humans exhibit high frequency resolution at low

frequencies, where formants and other perceptually salient speech structures reside, but

substantially lower resolution at higher frequencies. By applying a bank of triangular

filters that widen with increasing frequency, the mel transform performs a weighted

integration of spectral magnitudes over broader high-frequency bands. This reduces

the influence of stochastic high-frequency components, whose fine-grained variations

are inherently difficult to predict. Consequently, this loss provides a coarse but per-

ceptually meaningful objective, allowing the adversarial and feature matching losses to

focus on modeling the fine-grained details.

3.4.3 Generator

The generator in a GAN-based vocoder directly converts conditional features into a

time-domain waveform. Unlike autoregressive models that generate samples sequen-

tially, GANs produce the entire waveform in a single forward pass. This one-shot gener-

ation capability offers significant advantages for large-scale parallel synthesis, real-time

speech generation, and streaming applications. Another important property is that

GANs do not require an explicit likelihood formulation, which frees them from many
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structural constraints imposed on models such as normalizing flows and enables more

flexible and expressive network designs. GAN generators also differ from other proba-

bilistic generative models in that they do not rely on a latent variable z as the basis of

the generative process. The latent prior p(z) is a core assumption in models such as

variational autoencoders [65] and normalizing flows. Because these models depend on

this assumed prior, any mismatch between the assumed prior and the true underlying

data structure can degrade synthesis quality. In contrast, GANs learn to approximate

the data distribution through adversarial training without requiring explicit likelihood

estimation or the specification of any latent prior. In practical neural vocoders based on

conditional GANs, the role of the latent vector becomes even more limited. Although

a random vector is often injected into the generator, it serves primarily to introduce

sample-level stochastic variation rather than to represent a structured latent space, as

the conditioning features almost completely determine the output.

GAN-based vocoders employ generator architectures constructed primarily from di-

lated convolutional neural networks, which enable fully parallel waveform generation.

Several designs have become the foundation for many subsequent models, includ-

ing Parallel WaveGAN, MelGAN, and HiFi-GAN. Parallel WaveGAN adopts a non-

autoregressive WaveNet-style generator consisting of stacks of residual blocks that use

dilated convolutions and gated activation units, as described in Section 3.2.2. The

generator takes both a noise signal with the same shape of the output waveform and

conditioning acoustic features as inputs. The noise provides sample-level stochas-

tic variation, and the conditioning features are injected into each residual block to

guide the waveform generation. Because GAN generators do not impose the archi-

tectural constraints unlike normalizing flows, PWG employs a much lighter generator

and achieves faster waveform generation while maintaining competitive speech quality
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with IAF-based model [53]. MelGAN employs a hierarchical upsampling generator

that maps acoustic features directly to a speech waveform without using an explicit

noise input. The conditioning features are progressively upsampled through a sequence

of transposed-convolution layers, each followed by convolutional blocks that refine the

intermediate representations. Because the generator operates at lower temporal reso-

lutions in the earlier layers and only reaches the full waveform resolution at the final

stage, it can model long-range temporal structure efficiently while avoiding expensive

convolutions at the raw-waveform sampling rate. This makes forward computation

more efficient than PWG generators. HiFi-GAN further advances the hierarchical up-

sampling approach of MelGAN while sharing its basic design principle of generating

the waveform directly from acoustic features without using an explicit noise input.

Similar to MelGAN, the conditioning features are progressively upsampled through a

series of transposed-convolution stages to reach the waveform sampling rate. However,

HiFi-GAN significantly refines this architecture by introducing a multi-receptive-field

(MRF) module after each upsampling stage. The MRF consists of several residual

blocks with different kernel sizes and dilation rates operating in parallel, and their

outputs are combined across multiple temporal resolutions.

3.4.4 Discriminator

The discriminator is responsible for distinguishing generated waveforms from natural

ones, thereby guiding the generator during adversarial training. To effectively capture

the complex temporal structures of speech, most GAN vocoders employ multiple dis-

criminators that operate on different aspects of the signal and at different levels of

granularity.

The multi-scale discriminator (MSD) introduced in MelGAN [66] processes input
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waveforms at multiple downsampling rates, allowing the model to evaluate signal char-

acteristics across diverse temporal scales. Each sub-discriminator analyzes a different

resolution, ranging from the raw waveform (high resolution) to heavily downsampled

versions (low resolution). Coarse scales enable the discriminator to capture global

temporal envelopes and energy contours, whereas finer scales focus on high-frequency

components and micro-level periodic patterns. Because low-frequency structures such

as formants and the fundamental frequency are perceptually dominant, the MSD pro-

motes accurate modeling of these components while preserving the naturalness of high-

frequency details. As a result, MSD contributes to enhanced temporal smoothness and

perceptually consistent high-frequency rendering.

Building on this idea, HiFi-GAN [67] introduces the multi-period discriminator

(MPD), which reshapes the waveform into two-dimensional representations based on

predefined periods (period folding) and applies 2D convolutions for discrimination.

Each sub-discriminator corresponds to a specific period (e.g., 2, 3, 5, 7, or 11 sam-

ples), explicitly modeling diverse pitch periodicities and harmonic structures inherent

in speech. This design enables the MPD to learn periodic patterns associated with

fundamental frequencies, their harmonics, and their temporal variations. By enforcing

periodic consistency through adversarial training, the MPD improves pitch natural-

ness, waveform continuity, and phase stability. While the MSD enforces macro-level

temporal coherence, the MPD complements it by capturing micro-level periodic coher-

ence, resulting in a discriminator set that aligns more closely with human perceptual

criteria for natural speech.

More recently, discriminators utilizing time-frequency representations have been pro-

posed. A representative example is the multi-resolution spectrogram discriminator

(MRD) introduced in UnivNet [68]. The MRD computes multiple spectrograms from
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the same waveform using different STFT configurations (varying FFT sizes, win-

dow lengths, and hop sizes), and each spectrogram is processed by a dedicated sub-

discriminator. This enables adversarial learning of spectral consistency across multiple

time-frequency resolutions, effectively mitigating high-frequency noise and excessive

spectral smoothing in generated audio. Unlike waveform-domain discriminators, the

MRD directly operates in the spectrogram domain and thus serves as a complementary

extension to MSD and MPD.

These discriminator designs have consistently produced high perceptual quality across

a range of generator architectures [69]. This robustness arises because discriminators

extract perceptually salient speech features and convey them to the generator through

adversarial and feature-matching losses. Consequently, the combination of MSD, MPD,

and MRD has become the de facto standard discriminator configuration in modern

GAN-based speech synthesis systems.

3.4.5 Limitations and Challenges

Compared with other generative models, GAN-based vocoders are particularly ef-

fective at achieving both high-quality and real-time speech synthesis, leading them

to become widely adopted in modern speech generation systems. However, they still

present several limitations. First, they often suffer from limited diversity in the gen-

erated samples. This issue arises because the conditioning features provided to the

generator are high-dimensional and highly structured, which causes the model to ig-

nore the stochastic noise input and instead learn an almost deterministic mapping [70].

Second, GAN-based vocoders tend to lack the speech controllability that traditional

signal-processing-based vocoders [2,3] often provide. Their internal generative process,

learned in a purely data-driven manner, does not explicitly account for the physical
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mechanisms of speech production. From this perspective, subsequent studies, discussed

in Chapter 4, have explored incorporating prior knowledge about the speech production

mechanism to enhance controllability, as well as improving computational efficiency.

3.5 Evaluation of Vocoders

This section discusses the key perspectives for evaluating the performance of vocoders.

Although the specific requirements vary depending on the application and operating

environment, vocoders are generally assessed along four primary dimensions: natural-

ness, controllability, computational complexity, and lightweightness. These dimensions

are not independent and often exhibit trade-off relationships. Therefore, the goal of

vocoder design is not to optimize any single criterion, but to achieve a well-balanced

improvement across all of them.

3.5.1 Naturalness

Naturalness refers to the perceptual quality of synthesized speech, in particular,

whether it sounds smooth, easy to understand, and free of artificial or metallic noises.

Subjective listening tests are the standard evaluation method. For instance, metrics

such as the mean opinion score (MOS) represent overall perceived quality, and ABX

tests assess how easily synthesized speech can be distinguished from natural reference

samples. In addition to subjective evaluation, objective metrics based on acoustic or

perceptual distance have also been widely used. Traditional measures such as percep-

tual evaluation of speech quality (PESQ) and short-time objective intelligibility (STOI)

were originally designed for speech enhancement and telecommunication codecs, and

although they are not ideally suited for speech synthesis, they have been used in
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some vocoder evaluation studies. More recently, perceptual metrics derived from self-

supervised speech representations have gained attention. For example, UTMOS [71]

predicts MOS by leveraging self-supervised speech representations [72] together with

features from an automatic speech recognition model [73], and its predictions have

been shown to correlate well with human MOS ratings. Naturalness is a crucial pre-

requisite for the social acceptability of speech synthesis systems. In applications such

as call center automation or conversational agents, it plays a central role in ensuring a

comfortable and stress-free user experience.

3.5.2 Controllability

Controllability in vocoders refers to how accurately they can reproduce speech at-

tributes, such as pitch, timbre, and breathiness, based on the acoustic features provided

by the upstream acoustic model. Typically, the vocoder itself does not directly ma-

nipulate these attributes; instead, it converts predicted features such as F0, spectral

features, and speaker-identical representations into time-domain waveforms. From this

perspective, controllability measures how faithfully the generated waveform reflects

the intended acoustic characteristics encoded in the input features. Accordingly, ob-

jective metrics grounded in physical quantities are commonly used. Measures such as

voiced-unvoiced (VUV) error rate and F0 root mean square error (RMSE) evaluate

the accuracy of excitation-related features, including voicing patterns and pitch. In

contrast, STFT-based spectral distance and mel-cepstral distortion (MCD) assess the

fidelity of spectral characteristics, capturing how accurately timbral attributes and pho-

netic information encoded in the input features are reconstructed. High controllability

is essential for applications requiring precise and expressive vocal rendering, including

emotional speech synthesis and singing voice synthesis. Imposing strong structural con-
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straints, as in classical source-filter models, can enhance controllability. However, such

constraints restrict the range of acoustic phenomena the model can represent, which

in turn limits the realism of the generated speech. This creates a trade-off between

naturalness and controllability.

3.5.3 Computational Complexity

Computational complexity refers to the amount of arithmetic computation required

during speech generation, typically measured in floating-point operations (FLOPs)

or multiply-accumulate operations (MACs). Because a speech waveform is a high-

dimensional time-domain signal comprising tens of thousands of samples per second,

generating it demands substantial computation, and the intrinsic complexity of a model

strongly influences its practical deployability. The computational load directly affects

both the real-time factor (RTF) and the latency of speech synthesis. RTF represents

system throughput and is defined as the processing time required to synthesize one

second of audio, where values below one indicate real-time capability. Latency, in

contrast, denotes the delay until the model produces the first output sample. Note

that latency is also influenced by architectural factors, such as sequential dependencies

and the granularity of block processing. The impact of computational cost becomes

particularly pronounced on CPUs or other environments with limited parallelism, where

higher complexity more strongly constrains throughput. Achieving high perceptual

quality while reducing computational cost remains a central challenge, since model

expressiveness generally increases with computational complexity.
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3.5.4 Lightweightness

Lightweightness refers to the compactness of a vocoder, primarily determined by its

model size, which is typically measured by the number of trainable parameters. A

smaller parameter count reduces memory consumption and lowers the cost of loading

model parameters during inference, which is especially beneficial on devices with lim-

ited memory bandwidth or storage capacity. Although compact models are easier to

deploy, parameter reduction limits expressive capacity and can degrade naturalness or

controllability. Consequently, designing vocoders that remain lightweight while pre-

serving high speech quality is an important challenge. Since speech is increasingly

used as a universal interface across a wide variety of devices, from mobile terminals to

embedded systems, the demand for lightweight models continues to grow.

3.6 Summary

This chapter presented an overview of the development of neural vocoders from the

perspective of probabilistic generative modeling. Neural vocoders learn to represent

the speech waveform, or its probability distribution, using deep neural networks con-

ditioned on acoustic features, allowing a data-driven formulation that does not depend

on explicitly modeling the speech production mechanism, as in the classical signal-

processing vocoders.

Autoregressive models were first introduced as the foundational framework for neural

waveform generation. By parameterizing the distribution of each sample conditioned

on preceding samples, they achieve high-fidelity synthesis. However, their inherently

sequential sampling leads to substantial computational overhead, limiting their prac-

ticality in many real-world applications. This drawback has motivated a shift toward
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models capable of fully parallel generation.

Normalizing flow models provide exact probabilistic modeling and enable fully paral-

lel waveform generation through bijective transformations. Yet, guaranteeing invertibil-

ity and efficient Jacobian computation imposes structural constraints, creating trade-

offs among modeling capacity, model size, and the degree of autoregressiveness. To ease

these restrictions, continuous normalizing flows reformulate flows as continuous-time

ODE-based transformations, providing greater architectural flexibility. Nevertheless,

both training and inference require numerical integration, which remains computation-

ally expensive.

GAN-based approaches, in contrast, implicitly approximate data distributions through

adversarial learning without relying on explicit likelihoods. This enables lightweight

generators that perform one-shot waveform generation, making GAN vocoders gen-

erally more deployable in practical speech synthesis systems than vocoders based on

other probabilistic models. The introduction of auxiliary losses utilizing target speech

signals is essential for training stability, while advances in discriminator design have

improved speech quality. The use of auxiliary losses derived from target speech signals

is crucial for training stability, while advances in discriminator design have improved

speech quality.

This chapter also outlined four key evaluation criteria for neural vocoders: natu-

ralness, controllability, computational complexity, and lightweightness. While each

criterion reflects a distinct dimension of real-world performance, they are tightly cou-

pled through inherent trade-offs. Together, they determine the practical usability of a

vocoder, and overcoming these trade-offs while improving each aspect remains a cen-

tral challenge in this research field. In this context, the next chapter focuses on neural

vocoder approaches that explicitly account for the physical speech production process,
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aiming to integrate prior knowledge with data-driven modeling.



4 Physically Oriented Neural

Vocoder

This chapter provides an overview of neural vocoder design approaches that are mo-

tivated by the physical mechanisms of speech production. This chapter is organized

into several complementary perspectives. Section 4.2 introduces neural vocoders that

incorporate architectures inspired by the harmonic-plus-noise model. Section 4.3 de-

scribes approaches that integrate linear filter models motivated by the source–filter

theory. Section 4.4 focuses on F0-driven mechanisms designed to effectively represent

the periodic characteristics of speech signals. Section 4.5 reviews studies that analyze

and mitigate distortions arising from the discrete-time nature of digital signal process-

ing. Section 4.6 discusses time–frequency domain modeling approaches that directly

learn and generate spectral representations of speech. Finally, Section 4.7 summarizes

this chapter.

4.1 Overview

Most neural vocoders do not explicitly account for the physical process of speech

production. Instead, they are typically designed as black-box generative systems based

on deep neural networks, which often results in limited interpretability and controlla-

bility. To address these limitations, a growing body of research has explored neural

vocoder architectures inspired by the physical mechanisms of speech production.
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This chapter reviews major research directions in neural vocoder design from the

perspective of their relationship to the physical speech production mechanism. Fig-

ure 4.1 provides an overview of this perspective by summarizing a classification of

neural vocoders based on the source–filter modeling framework. The figure organizes

existing methods according to their excitation modeling strategies and vocal-tract fil-

tering schemes, and illustrates how representative vocoders, including the proposed

methods in this thesis, are positioned within this framework. This classification pro-

vides a roadmap for both prior studies and the proposed methods presented in the

subsequent chapters of this thesis.

4.2 Harmonic-plus-Noise Model

Speech signals can be represented as a superposition of two components: a periodic

component generated by vocal fold vibrations and an aperiodic component produced

by turbulent or frictional noise. The harmonic-plus-noise (HN) model [74] explicitly

encodes this prior knowledge of the speech production mechanism. In this model, the

speech waveform x ∈ RT , where T denotes the number of samples, is decomposed into

a harmonic component x(h) and a noise component x(n):

x = x(h) + x(n). (4.1)

The HN model has long been used in traditional speech analysis-synthesis systems and

has also been adopted in neural vocoders.

An HN neural vocoder embeds this decomposition within a neural network frame-

work, in which the periodic and aperiodic components are generated by dedicated
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Figure 4.1: Classification of vocoders based on the source-filter modeling framework.

The columns correspond to source excitation modeling, while the rows correspond to

vocal-tract filter modeling. Unlike the description in Section 4.3, the linear filters are

categorized by autoregressive (AR) or non-autoregressive (NAR) rather than infinite-

impulse-response (IIR) or finite-impulse-response (FIR) filters. The GOLF family [26,

27] behaves in an FIR-like manner and is therefore non-sequential overall. For each

representative method, the corresponding section or chapter in this thesis is indicated in

the table. The proposed methods in this study are uSFGAN, SiFi-GAN, and Wavehax.

subnetworks:

x(h) = G(h)(z(h)), x(n) = G(n)(z(n)), (4.2)

where z(h) and z(n) denote acoustic features appropriate for each subnetwork. By

explicitly separating the periodic and aperiodic components, the model can naturally

incorporate the physical background of human speech production into the network

architecture. Furthermore, since each subnetwork specializes in modeling only one

component, both periodicity and aperiodicity can be represented with higher precision.
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Consequently, HN-based architectures often yield improvements in both speech quality

and controllability.

Representative neural vocoders adopting the HN structure include PeriodNet [34],

HN-NSF [33], and HN-PWG [35]. Although they share the same fundamental concept,

they differ in the way the harmonic and noise components are combined. First, Peri-

odNet, the simplest structure, where the harmonic and noise components are directly

summed in the time domain to generate the final waveform. Second, HN-NSF sepa-

rately models the harmonic and noise components using low-pass and high-pass filters,

respectively, allowing frequency-wise synthesis with physical interpretability. Third,

HN-PWG estimates weights dynamically by the neural network for each subband, and

a weighted combination is performed across frequency bands, enabling the model to

learn frequency-dependent mixing ratios.

The HN architecture is conceptually related to the mixed excitation model in the

traditional source-filter framework (Section 2.1.2), in which periodic and noise com-

ponents are combined to form an excitation signal. However, the HN model does not

assume a source-filter structure. Instead, it directly generates the final speech waveform

by independently producing and summing the harmonic and noise components.

4.3 Integrating Linear Filters

Revisiting the source-filter theory [7] and its signal-processing implementation offers

a valuable perspective for improving neural vocoders. This section provides a system-

atic review of approaches that integrate linear filters with neural networks, clarifying

their motivations and methodologies.
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4.3.1 Overview

Human speech production can be effectively described as the convolution of glottal

excitation and vocal-tract resonance. The vocal tract acts as a relatively slow, time-

varying resonant system that can be well approximated by linear filtering, whereas

glottal excitation exhibits rapidly changing and highly nonlinear dynamics. These

contrasting behaviors naturally motivate neural vocoders that combine a linear filter

with a neural network, allowing the model to learn the remaining nonlinear aspects of

speech.

Introducing an explicit linear filter into a neural vocoder provides several advantages.

Because the architecture aligns with the source-filter theory, the respective roles of

excitation generation and vocal-tract filtering remain interpretable, which improves

controllability over the synthesized speech. Moreover, incorporating a linear filter

alleviates the burden of modeling vocal-tract characteristics within the neural network

itself. This reduction enables the network to be smaller and more computationally

efficient.

Two types of linear filters are commonly employed: finite-impulse-response (FIR)

filters and infinite-impulse-response (IIR) filters. FIR filters have a nonrecursive and

inherently stable structure, making their coefficients straightforward for neural net-

works to predict. IIR filters, by contrast, use a recursive structure and can represent

vocal-tract resonances accurately with far fewer coefficients. Linear prediction [43, 44]

is a prominent example of this approach, and its inverse filtering [75] enables direct

extraction of the excitation signal, which can serve as teacher data for neural networks.

Linear filters used in neural vocoders are typically implemented as either finite-

impulse-response (FIR) or infinite-impulse-response (IIR) filters. FIR filters are nonre-

cursive and inherently stable, which makes their coefficients straightforward for neural
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networks to predict. IIR filters, by contrast, are recursive and can represent vocal-

tract resonances accurately with far fewer coefficients than FIR filters. Linear pre-

diction [43, 44] is a prominent example of this approach, and its inverse filtering [75]

enables direct extraction of the excitation signal, which can serve as teacher data for

neural networks.

Neural networks can interact with the linear filter in several ways. One approach

is excitation modeling, in which the network explicitly predicts the excitation signal.

Another approach is filter-parameter estimation, in which the network predicts the co-

efficients that define the linear filter. A hybrid approach combines these two strategies,

allowing the network to estimate both the excitation signal and the filter parameters.

The following sections review neural vocoder architectures built upon these FIR and

IIR frameworks, highlighting their modeling strategies and practical characteristics.

Neural networks can interact with the linear filter in several ways. One approach

is excitation modeling, in which the network predicts the excitation signal while an

analytical vocal-tract filter is applied separately. Another approach is filter-parameter

estimation, in which the network predicts the coefficients of linear filters and employs

an analytical excitation model. A third, hybrid approach combines these strategies,

allowing the network to estimate both the excitation signal and the filter parameters,

including the use of inverse-filtered excitation when available.

Neural networks can interact with linear filters in several ways. The first approach

is excitation modeling, where the network predicts only the excitation signal while

an analytical vocal-tract filter is applied separately. The second approach is filter-

parameter estimation, in which the network predicts the coefficients of linear filters

and employs an analytical excitation model. A third, hybrid strategy combines these

two approaches, allowing the network to estimate both the excitation signal and the
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filter parameters. The following sections review the specific neural vocoders built on

these linear filtering frameworks, highlighting their modeling strategies and practical

characteristics.

4.3.2 Analytic IIR Filter

In this family of neural vocoders, as in conventional linear predictive coding (LPC),

vocal-tract resonances are represented using analytically derived IIR filters. Excitation

generation is then handled by either autoregressive or non-autoregressive (NAR) neural

networks, allowing flexible and data-driven excitation modeling.

As described in Section 2.1.3, a speech waveform xt can be decomposed through linear

prediction into a predictive (vocal-tract) component and a residual (source-excitation)

component:

xt =
P∑

k=1

aixt−k + et, (4.3)

where P is the number of prediction coefficients, ak denotes each LPC coefficient, and

et is the excitation (residual) signal. The vocoders described below incorporate the

analytic linear-prediction term x̂t =
∑

i akxt−k into the network input, so that neural

networks focus on learning the residual signal et = xt − x̂t. By explicitly separating

analytic resonance filtering from data-driven excitation generation, this formulation

simplifies the learning objective and leads to improved computational efficiency and

reduced parameter count.
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Autoregressive Excitation Modeling

Two early representatives of this framework are GlotNet [16] and ExcitNet [76].

Their primary differences lie in the estimation of the vocal-tract filter coefficients and

the definition of the excitation output distribution. In GlotNet, the IIR coefficients ak

are estimated using the quasi-closed phase (QCP) method for glottal inverse filtering,

which uses a weighted linear prediction that emphasises the glottal closed phase for

more accurate vocal-tract estimation. After these coefficients are fixed, the residual

(glottal excitation) is modeled by the neural network. The excitation signal e is mod-

eled as a continuous probability density given by a mixture of logistic distributions:

p(et | c) =
K∑
k=1

πk(c) Logistic
(
et | µk(c), sk(c)

)
, (4.4)

where c denotes the conditioning feature including previous excitation samples e<t

and acoustic features. ExcitNet, in contrast, employs standard LPC to extract the

residual signal et, which is represented using 8-bit µ-law quantization and modeled

with a categorical softmax distribution, following the original WaveNet [4] design.

LPCNet [21, 23] further extends this line of work with a lightweight variant of the

WaveRNN architecture [50]. Instead of relying only on past excitation values, LPCNet

computes the LPC-based prediction x̂t, and provides it, together with the previous

sample x̂t, the previous excitation et−1 to the network. Together with single categorical

distribution modeling on 8-bit µ-law quantization, this RNN-based architecture enables

real-time neural waveform generation even on CPU environments.

Building on these foundations, LP-WaveNet [20] and iLPCNet [22] unify the linear

prediction with probabilistic generative modeling. Both adopt the linear-prediction

mixture density network formulation, where the generative process of speech is modeled
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as:

p(xt | c) =
∑
k

πk(c)N
(
xt
∣∣ x̂t + µk(c), σ

2
k(c)

)
, (4.5)

where c includes previous samples x<t and conditioning acoustic features. Here, the

linear prediction term is embedded into the mean of each Gaussian, allowing the neural

network to focus on modeling the excitation distribution while maximizing the likeli-

hood of the full waveform. LP-WaveNet and iLPCNet implement this formulation on

the basis of WaveNet and LPCNet, respectively. Moreover, by replacing discrete µ-law

softmax outputs with continuous mixture-of-Gaussians, these models successfully avoid

degradation related to µ-law quantization.

Non-Autoregressive Excitation Modeling

All the autoregressive models described in the previous section combine vocal-tract

modeling via an IIR filter with nonlinear excitation generation via an autoregressive

network. Because they thus include a double autoregressive structure, they remain lim-

ited in inference speed and parallelization. In contrast, the non-autoregressive models

discussed in this section remove explicit dependence on past samples in the excita-

tion generator and produce the excitation signal in parallel, thereby alleviating these

limitations.

QCP-DNN and GlottDNN employ feed-forward networks to regress short-time exci-

tation signals (residual waveforms) directly, whereas GlotGAN adopts an adversarial

formulation in which the discriminator operates directly on excitation signals, encour-

aging the generator to produce excitation signals. The generated excitation signals

are then passed through an LPC filter in a separate synthesis stage to obtain the final

speech waveform. These models generate short-frame waveforms that are concatenated
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by overlap-add processing to reconstruct the full speech signal. However, this frame-

based generation can lead to waveform discontinuities at segment boundaries, which

result in degradation of perceptual quality if not carefully controlled or underestima-

tion error. Moreover, because the IIR filter is applied as an external post-processing

step, joint optimization of the excitation generation and vocal-tract filtering is difficult.

The early representative models include QCP-DNN [14], GlottDNN [15], and Glot-

GAN [18]. These approaches estimate the vocal-tract filter (LPC) coefficients using

glottal inverse filtering and then convert the excitation waveforms generated by neural

networks into speech waveforms through an analytically derived IIR filter. QCP-DNN

and GlottDNN employ feed-forward neural networks to regress short-time excitation

waveforms directly, whereas GlotGAN adopts an adversarial training in which the

discriminator operates on excitation signals to improve the realism. The generated

excitation frames are subsequently passed through the LPC filter and concatenated

via overlap-add processing to reconstruct the entire waveform. However, because the

excitation is generated on a frame-by-frame basis, discontinuities at frame boundaries

lead to degradation of perceptual quality. Moreover, the external LPC filtering as

post-processing prevents end-to-end training, hindering joint optimization of excita-

tion generation and vocal-tract filtering.

To alleviate this problem, GELP [19] approximates the LPC-based IIR filter in the

frequency domain, thereby avoiding recursive computation in the time domain and en-

abling efficient gradient propagation and faster generation. Specifically, the IIR transfer

function (or its all-pole approximation) is converted into a finite-length frequency re-

sponse, replacing sequential time-domain filtering with element-wise multiplication in

the spectral domain. In GELP, the excitation (residual) signal is produced directly as

a time-domain waveform by a non-autoregressive CNN-based GAN generator. Excit-
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Glow, on the other hand, employs a parallel flow-based model (WaveGlow) to generate

the excitation waveform. The generated excitation is then passed through an LPC syn-

thesis filter obtained from linear prediction analysis, and the overall system is trained

with a combination of excitation-domain likelihood and multi-resolution STFT loss on

the reconstructed speech signal. This formulation integrates the filter into the end-to-

end network in a way that allows efficient gradient propagation back to the excitation

generator and conditioning networks. Although the long-term temporal response of the

original IIR filter cannot be reproduced exactly under this finite-length approximation,

the short-term spectral characteristics of speech are preserved sufficiently.

4.3.3 Data-Driven IIR Filter Models

In the above IIR-based vocoders, the filter coefficients are analytically estimated

through linear predictive analysis. Subsequent studies have proposed alternative for-

mulations in which the coefficients of linear filters are learned directly by neural net-

works in a data-driven fashion. In these approaches, the filter parameters are opti-

mized end-to-end based on the training objective of speech waveform generation. The

next sections organize existing methods within this framework into (1) autoregressive

excitation-generation models and (2) non-autoregressive excitation-generation models.

Autoregressive Excitation Modeling

This category integrates an autoregressive excitation generator with a learnable IIR

filter. Representative models such as E2E-LPCNet [29] and MWDLP [28] build on the

LPCNet architecture, replacing analytical LPC estimation with neural prediction.

E2E-LPCNet (End-to-End LPCNet) [29] fully integrates the LPC computation into
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the neural network, eliminating the need for analytic preprocessing. The network

directly predicts reflection coefficients, constraining them to the stable region (－ 1, 1)

using a tanh activation, and analytically converts them into LPC coefficients. To make

µ-law quantization differentiable, E2E-LPCNet introduces a linear interpolation-based

differentiable embedding layer, allowing waveform-level gradients to propagate back to

the frame-level LPC computation. Consequently, the model achieves a fully end-to-end

architecture that jointly generates excitation signals and LPC coefficients from acoustic

features.

MWDLP (Multiband WaveRNN with Data-driven Linear Prediction) [28] targets

µ-law-encoded discrete waveforms and integrates a multiband WaveRNN architecture

with data-driven linear prediction. The IIR filter parameters are predicted by the

neural network, and the waveform probability distribution is modeled through linear

prediction in logit space. In addition, MWDLP employs Gumbel sampling for repa-

rameterization, which enables a differentiable formulation of the multi-resolution STFT

loss [8] (see Section 3.4.2) for discrete waveform generation. The incorporation of this

spectral loss further improves perceptual quality.

Non-Autoregressive Excitation Modeling

The neural vocoders described in the previous section suffer from limited paralleliza-

tion because both the autoregressive excitation generation and the recursive nature of

linear filtering introduce sample-wise dependencies, resulting in a computational bur-

den. To alleviate these limitations, the following methods combine parametric and

parallel excitation generation with data-driven learning of IIR filters.

A representative example is GOLF (Glottal-flow LPC Filter) [26], which models the

glottal source using Glottal Flow Wavetables. In GOLF, the LPC coefficients are as-
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sumed constant within each short-time frame, and a fixed all-pole IIR filter is applied

per frame. Waveforms synthesized independently for each frame are subsequently con-

catenated using overlap-add processing. By eliminating sample-wise recursion during

training, this frame-wise formulation achieves an approximate parallelization of IIR fil-

tering. Filter stability is further ensured by parameterizing each second-order section

with reflection coefficients, which constrain the poles to remain inside the unit circle.

Differentiable GOLF [27] discards the frame-wise approximation and introduces a

fully recursive, differentiable formulation that applies time-varying LPC coefficients

on a sample-by-sample basis. The recursive IIR equations are explicitly incorporated

into the gradient computation, enabling the LPC coefficients to be learned end-to-end

while accurately capturing temporal dependencies. Although more computationally de-

manding than the frame-wise approach, this formulation achieves more faithful neural

vocoder training through explicit integration of the IIR dynamics.

4.3.4 Data-Driven FIR Filters

Compared with the IIR-based models described in the previous sections, several

methods employ FIR filters, providing more stable and efficient training and synthesis.

A common feature of these methods is that time-varying FIR filter coefficients are

learned as data-driven parameters predicted by neural networks. In this section, we

categorize existing methods according to whether the excitation is modeled analytically

or in a data-driven manner.
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Parametric Excitation Modeling

This family of methods adopts parametric excitation signals based on the traditional

source-filter formulation, while neural networks are used to estimate the time-varying

spectral shaping parameters.

Differentiable digital signal processing (DDSP) [24] adopts the harmonic-plus-noise

synthesis model, described in Section 4.2. The harmonic component is generated by

additive synthesis, that is, by explicitly summing sinusoidal partials whose frequencies

are aligned with the fundamental frequency F0. The aperiodic component is obtained

by filtering a white-noise signal with a time-varying FIR filter whose coefficients are

predicted by a neural network. This filter shapes the spectral envelope of the noise

component, transforming the flat spectrum of white noise into the desired aperiodic

spectral characteristics. The filtered noise is then combined with the harmonic compo-

nent to produce the final waveform, optionally followed by a linear filter that applies

reverberation. In DDSP, therefore, the FIR filter serves as a spectral shaping filter

within the noise generation path.

SawSing [25] is a DDSP-based singing vocoder that replaces DDSP’s additive har-

monic synthesizer with a subtractive synthesis formulation. Whereas DDSP generates

the periodic component by additively summing sinusoidal signals aligned with the fun-

damental frequency F0, SawSing instead uses a sawtooth waveform, naturally rich in

harmonic overtones, as a fixed excitation signal. A linear time-varying FIR filter, whose

coefficients are predicted from the input mel-spectrogram by a neural network, selec-

tively attenuates and preserves frequency components to shape the excitation spectrum

into the desired periodic spectral characteristics. Because the excitation is produced by

a continuous-phase oscillator and only its spectrum is sculpted by the filter, SawSing

naturally maintains phase continuity, which well aligns the human speech. Because the
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excitation is generated by a continuous-phase oscillator and only its spectral envelope is

shaped by the filter, SawSing inherently maintains phase continuity, closely mirroring

the behavior of the human glottal source [25].

Data-Driven Excitation Modeling

In this approach, the excitation signal is generated in a data-driven manner through

linear or nonlinear transformations, and the waveform is then produced by applying a

data-driven FIR filter as a vocal-tract filter.

NHV [30] is grounded in cepstral analysis, a framework that represents filter charac-

teristics through the complex cepstrum of their impulse responses. In NHV, a neural

network predicts this complex cepstrum for each time frame, and it is converted into

a linear time-varying filter. Because the complex cepstrum encodes both magnitude-

and phase-related spectral characteristics, this formulation allows the filter response to

be learned in a fully data-driven manner, enabling flexible modeling of detailed timbral

characteristics. For source modeling, NHV analytically generates periodic excitation

in the form of a pulse train and aperiodic excitation as noise. These excitation signals

are then shaped by the predicted time-varying filters to model vocal-tract resonances

and reproduce detailed timbral characteristics in the final waveform.

NITECH E2E-TTS [31] incorporates a neural vocoder into an end-to-end speech syn-

thesis framework by embedding a differentiable FIR-based synthesis filter within the

system. In the vocoder, a mixed excitation signal, composed of an impulse train and

white noise, is first generated and then processed through a series of neural prenets.

The resulting excitation is filtered using a cascade of time-varying FIR filters, whose

coefficients are predicted from acoustic features by a neural network. This FIR cas-

cade serves as a fully differentiable spectral shaping module, allowing the excitation
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generation and filtering processes to be jointly optimized within the end-to-end model.

By integrating the entire filtering operation into the computation graph, the system

generates waveforms through differentiable convolution driven by data-driven filter pa-

rameters.

In contrast, FIRNet [32] employs a two-stage linear FIR processing architecture for

the excitation signal. Each stage consists of a stack of time-varying FIR filters. The

first multi-stage FIR block linearly transforms the analytic excitation signal into a

residual-like signal, and the second multi-stage block serves as a resonance filter that

models vocal-tract characteristics. All FIR coefficients are predicted in a data-driven

manner by a neural network, enabling flexible spectral shaping despite the finite filter

order, as in NITECH E2E-TTS. Furthermore, FIRNet applies a source-regularization

loss [77] to constrain the residual FIR block and prevent excessive modification of the

excitation, thereby maintaining a physically plausible source-filter decomposition.

4.4 Fundamental-Frequency-Driven Mechanisms

4.4.1 Overview

Speech waveforms exhibit periodic structures originating from vocal fold vibrations,

and this periodicity is governed by the fundamental frequency F0. If a neural vocoder

is designed so that waveform generation is directly controlled by F0, the model can

produce waveforms that follow target F0 values more faithfully, enabling reliable pitch

manipulation and synthesis over a wide frequency range. However, conventional neu-

ral vocoders generally lack explicit mechanisms for pitch control. Simply providing

F0 as an auxiliary input is often insufficient because the network typically learns a

statistical mapping from the training distribution, rather than behaving in a manner
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inherently conditioned on the physical parameter F0. Consequently, when the target F0

falls outside the training distribution, such models often exhibit unstable or degraded

generation, revealing their weakness in extrapolating to unseen F0 values.

To achieve consistent and physically interpretable pitch-dependent behavior, it is

therefore beneficial to incorporate an explicit F0-driven mechanism into the model ar-

chitecture. Existing neural vocoders with such mechanisms can be broadly categorized

into two types: (1) methods that use analytically generated periodic signals derived

from F0, and (2) methods in which neural network operations dynamically change ac-

cording to F0. The following subsections introduce these F0-driven mechanisms, which

explicitly encode the periodic structure of speech waveforms through formulations tied

to F0.

4.4.2 Analytic Periodic Signals

When a neural vocoder learns speech generation purely in a data-driven manner,

the model must internally reproduce periodic structures from scratch. However, the

phase of a periodic signal progresses continuously over time according to its instanta-

neous frequency, and reproducing such phase evolution is particularly challenging for

non-autoregressive architectures. Chunked Autoregressive GAN (CARGAN) [78] em-

pirically demonstrated this issue, showing that non-autoregressive CNNs, lacking an

explicit mechanism for cumulative phase evolution, often fail to maintain a coherent

phase trajectory, leading to periodic instability. Their chunked autoregressive archi-

tecture alleviates this problem by introducing an autoregressive inductive bias that

facilitates the modeling of phase progression.

Alternatively, for non-autoregressive models, periodic signals analytically generated

from F0, such as sinusoids or pulse trains, can be provided to the network. This relieves
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the model from having to learn harmonic phase progression from scratch and greatly

simplifies the representation of periodic structure.

This idea was first introduced in the Neural Source-Filter (NSF) model [33], which

analytically constructs an F0-driven periodic signal and interprets it as the excitation.

In NSF, the phase is updated sample-by-sample according to the instantaneous F0,

and the periodic waveform is obtained by evaluating a sinusoid with this cumulative

phase. For clarity, the excitation corresponding to the fundamental component can be

written as:

et = sin(θt + ϕ) + nt, θt = θt−1 +
2πf0,t
Fs

(4.6)

where f0,t is the sample-level F0 aligned with the sampling frequency Fs, θt is the

accumulated phase, ϕ is the initial phase, and nt is Gaussian noise. NSF extends

this formulation to multiple harmonics and then applies a nonlinear neural filter to

transform the periodic signal into a speech waveform.

Although NSF is inspired by the source-filter theory, it fundamentally differs from

traditional source-filter models in that it employs a nonlinear neural filter rather than a

linear vocal-tract filter. From a broader perspective, NSF can therefore be regarded as

an F0-driven neural vocoder, where an analytically generated periodic signal functions

as a pitch-dependent template.

Following NSF, several studies have generalized this idea into more flexible neural

vocoder architectures. Representative examples include the harmonic-plus-noise neural

vocoders (see Section 4.2) such as PeriodNet [34] and HN-PWG [35]. These models

inject analytically generated periodic signals into a dedicated periodic subnetwork,

enabling a functional decomposition in which periodic and aperiodic components are

generated by separate modules.
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Figure 4.2: Comparison between a conventional Dilated CNN (DCNN) and a Pitch-

Dependent Dilated CNN (PDCNN). In the PDCNN, the dilation factor dt is dynami-

cally determined according to the fundamental frequency F0 at each time step.

A different line of work, including Period-HiFi-GAN [79] and Harmonic-Net [38],

introduces a multiscale periodic-signal injection mechanism. In these models, the pe-

riodic signal is downsampled to multiple temporal resolutions using learnable convolu-

tions and then injected into intermediate layers of a upsampling generator like HiFi-

GAN [67]. This multi-resolution formulation improves F0 controllability even within

upsampling-based architectures.

4.4.3 Pitch-Dependent Dilated Convolution

Another line of research explores CNN architectures whose internal structure dy-

namically changes in accordance with the given F0 sequence. This idea was introduced
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in Quasi-Periodic WaveNet (QP-Net) [80] and Quasi-Periodic Parallel WaveGAN (QP-

PWG) [81], both of which employ pitch-dependent dilated convolutional neural net-

works (PDCNNs). QP-Net and QP-PWG can therefore be viewed as extensions of

WaveNet and Parallel WaveGAN, respectively, improving robustness to unseen pitch.

In PDCNNs, the dilation factor in each convolutional layer is modulated by the

instantaneous F0, allowing the receptive field to expand or contract in synchrony with

the target periodicity. This mechanism provides the network with an inductive bias

that facilitates the modeling of quasi-periodic patterns in speech waveforms. Formally,

let Fs denote the sampling frequency, f0,t the fundamental frequency at time t, and d

the base dilation factor. The time-varying dilation factor dt is defined as:

dt =


⌊Et⌋ × d (Et > 1),

1× d otherwise,

(4.7)

where Et = Fs/(f0,t a) is proportional to the fundamental period, and a is a tunable

coefficient, referred to as the dense factor, which together with the sampling frequency

Fs determines the maximum representable fundamental frequency.

Wu et al. [81] reported that placing PDCNNs in the early stages of the generator is

more effective for improving F0 controllability and overall speech quality than inserting

them into later layers. This suggests that performing source-related processing, such

as periodic structure formation, in early layers while delegating spectral shaping to

later layers provides a beneficial inductive bias, implicitly resembling a source-filter

theory within the network. Subsequently, a related approach was later adopted in

Harmonic-Net [38], which applies PDCNNs at multiple temporal resolutions within a

HiFi-GAN-style upsampling generator.
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4.4.4 Limitations and Challenges

The introduction of F0-driven mechanisms has substantially improved the pitch con-

trollability of neural vocoders by enabling explicit manipulation of F0. This thesis

provides further analysis in Chapter 7, that even a single sinusoidal component can

provide a strong inductive bias for robust modeling of harmonic structure.

Despite these benefits, several challenges remain. When the target F0 falls far out-

side the training distribution, such as at unusually high or low pitches, the generation

behavior often becomes unstable, revealing limitations in extrapolative generalization.

As discussed in Chapter 7, aliasing inherent to discrete-time neural vocoders is one con-

tributing factor to this degradation under extreme F0 conditions. Moreover, although

these models incorporate F0-driven mechanisms, their generative processes still do not

fully conform to the physical principles of speech production.

Therefore, while F0-driven mechanisms are effective as auxiliary modules for cap-

turing source-related characteristics, these observations suggest that integrating them

within a more comprehensive source-filter framework can lead to greater stability and

physical consistency. Motivated by this hypothesis, Chapter 5 explores an integrated

source-filter model that incorporates F0-driven structures.

4.5 Continuous-Discrete Time Gap

Although speech is a continuous-time physical phenomenon, neural vocoders are

ultimately discrete-time computational models. DNNs serve as powerful nonlinear

function approximators, but their implementations are intrinsically digital. This dis-

crepancy creates a fundamental mismatch between the continuous nature of speech and

the discrete nature of DNN-based generation.
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In this section, we highlight aliasing as a representative issue emerging from this

continuous-discrete time gap, and discuss it from three perspectives: (i) why aliasing

constitutes a physical inconsistency, (ii) how it manifests in neural vocoders, and (iii)

recent trends aimed at mitigating this issue.

4.5.1 Aliasing Problem

Aliasing refers to the phenomenon in which high-frequency components fold back

into the low-frequency range when a signal contains energy beyond the Nyquist fre-

quency (half the sampling frequency) [12, 13]. Because such behavior never occurs in

continuous-time speech production, aliasing represents an artificial distortion inherent

to discrete-time implementations. In this sense, we can regards aliasing as an indication

that the neural vocoder is misaligned with the physical speech production process.

In neural vocoders, aliasing primarily originates from two sources: (1) resampling

operations such as upsampling and downsampling, and (2) nonlinear operations such

as activation functions. The resulting spectral folding introduces spurious compo-

nents that are absent in the underlying continuous-time signal, causing irreversible

distortion and obscuring the true frequency characteristics. Aliasing often manifests as

artificial noise in the synthesized speech and also degrades the shift-invariance prop-

erties of CNNs, causing instability in temporal modeling. Prior work [11] has further

demonstrated that aliasing can impair a model’s extrapolation and generalization per-

formance.
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4.5.2 Causes of Aliasing

Nonlinear Processing

Prior work such as StyleGAN3 [10] and BigVGAN [11] have demonstrated that

pointwise nonlinear operations within neural networks play a crucial role in generating

new frequency components. For example, when the ReLU activation [82] is applied to

a sinusoidal input sin(ωt), the output contains infinitely many harmonic components.

This can be expressed as

ReLU(sin(ωt)) =
1

π
+

sin(ωt)

2
−

∞∑
k=1

2 cos(2kωt)

π(2k − 1)(2k + 1)
. (4.8)

This expansion illustrates the fundamental mechanism by which nonlinearities broaden

a signal’s spectrum. A pointwise nonlinearity corresponds to multiplication in the time

domain, which becomes convolution in the frequency domain. In the case of ReLU, the

operation can be interpreted as applying a dynamic rectangular window to the input

signal; the associated window has a sinc-shaped frequency response. Consequently, the

input spectrum is convolved with this sinc kernel, spreading an initially finite-band

signal across infinitely many harmonic frequencies.

While continuous-time systems can represent these harmonics without restriction,

discrete-time systems inevitably fold components above the Nyquist frequency back

into the baseband, producing aliasing. These effects have been recognized in classi-

cal bandwidth-extension research, where nonlinear processing generates both desirable

harmonics and undesirable aliasing artifacts [83]. The same considerations carry over

directly to neural vocoders and provide meaningful insight into their behavior.
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Resampling Layers

Neural vocoders frequently employ upsampling layers to convert low-time-resolution

acoustic features into high-resolution waveform signals. While this strategy enables ef-

ficient waveform generation, it is well known that upsampling operations can introduce

artifacts [84]. Pons et al. [84] compared several upsampling methods, including trans-

posed convolution, sub-pixel convolution, and linear interpolation. They reported that

transposed and sub-pixel convolution-based methods often produce periodic tonal arti-

facts, perceived as metallic noise, in the generated waveform. In contrast, interpolation-

based approaches such as linear interpolation can reduce these artifacts but tend to

introduce filtering distortion due to the frequency response of the interpolation kernel

(e.g., a triangular filter).

Furthermore, spectral replicas introduced during upsampling can propagate these

artifacts through subsequent network layers, leaving consistent artifacts in the final

output. Likewise, when pooling or strided convolution operations are applied without

appropriate anti-aliasing filters, out-of-band components can fold back into the lower-

frequency range, further degrading the generated signal.

4.5.3 Countermeasures

In neural vocoder research, several architectural and training-based strategies have

been proposed to mitigate the aliasing-related problems. This section provides an

overview of representative approaches.
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Temporal Bandwidth Extension

BigVGAN [11] introduces anti-aliased nonlinear operations to structurally suppress

aliasing within neural vocoders. This concept follows StyleGAN3 [10], which demon-

strated that internal aliasing in image generation networks leads to confusion between

high- and low-frequency components, making fine-grained spatial control difficult.

In BigVGAN, the input signal is first temporarily upsampled to increase its effective

sampling frequency and widen the available bandwidth before nonlinear processing.

Low-pass filters are then applied before and after the nonlinear activations to sup-

press the high-frequency artifacts generated by the nonlinearities. Finally, the signal

is downsampled back to the original sampling frequency, effectively mitigating spectral

folding.

As in StyleGAN3, this approach reduces aliasing and improves speech quality and

generalizability. However, the temporary oversampling incurs additional computational

costs, posing challenges for real-time or resource-constrained applications. The concrete

formulation of this method, along with its associated trade-offs, will be discussed in

detail in Section 7.2.2.

Shift-Equivalence Promotion

JenGAN [39] addresses aliasing from the perspective of shift equivalence, a prop-

erty theoretically preserved in continuous-time CNNs composed of convolution op-

erations and pointwise nonlinearities [85, 86]. In the continuous-time domain, such

networks maintain strict shift equivalence, meaning that a temporal shift in the in-

put signal yields an equivalent shift in the output. However, in discrete-time im-

plementations, aliasing introduces phase-dependent interference patterns, causing the

output to deviate from the expected shifted response. Formally, for the neural net-
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work fθ and the input signal x(t), the presence of aliasing implies that the relation

fθ(x(t− δ)) = fθ(x)(t− δ) often does not hold.

To address this issue, JenGAN introduces a training strategy that explicitly pro-

motes shift equivalence, thereby indirectly mitigating aliasing effects. During training,

random temporal shifts are applied to the input signal using a sinc filter, and corre-

sponding inverse shifts are applied to the output at appropriate module levels. This

encourages the network to produce outputs that respond consistently to temporal shifts

in the input, leading to more stable internal representations. Consequently, JenGAN

improves the continuity of harmonic structures in the generated speech, leading to

enhanced perceptual speech quality.

However, promoting shift equivalence alone does not guarantee complete suppression

of aliasing. Shift equivalence enforces consistency with respect to temporal shifts,

whereas aliasing stems from spectral folding caused by the finite bandwidth of discrete-

time systems. Moreover, JenGAN’s method introduces additional filtering operations

and random-shift training steps, incurring extra computational overhead.

Training-Based Strategies

Several studies have explored training-based approaches to suppress artificial noises,

including aliasing distortion, in neural vocoders. Pons et al. [84] suggested that upsampling-

related artifacts can be mitigated through optimization with training. Shang et al. [40]

proposed a training framework that detects and suppresses aliasing by quantifying

spectral symmetry using the structural similarity index [87]. This method explicitly

evaluates and minimizes spectral folding artifacts observed in the training data.

However, despite the theoretical ability of convolutional layers to represent anti-

aliasing filters, standard optimization procedures rarely induce such filter character-
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istics spontaneously [86, 88]. Furthermore, neural vocoders that operate on long se-

quential data must learn long convolutional kernels to realize the wide-band filtering

responses necessary for effective aliasing suppression, further increasing the difficulty

of optimization. Consequently, these training-based methods often struggle to real-

ize sufficiently strong anti-aliasing behavior and to generalize under out-of-distribution

conditions.

4.6 Time-Frequency Domain Models

4.6.1 General Formulation

Neural vocoders operating directly in the time-frequency domain differ from conven-

tional waveform-based models in that they predict a time-frequency representation of

speech using a neural network. This formulation shortens the effective sequence length

that the network must convolve over, thereby improving computational efficiency. Such

models are typically built upon the short-time Fourier transform (STFT). In general,

the neural network predicts both the amplitude and phase (or equivalently, the real and

imaginary components) of the complex spectrogram, and the final waveform is recon-

structed using the inverse STFT (iSTFT). The overall generation and reconstruction

process can be expressed as:

Ŝ(t, f) = G(z), x̂(t) = iSTFT(Ŝ(t, f)) (4.9)

where z denotes the acoustic features, G represents the neural model, Ŝ(t, f) is the

estimated complex spectrogram, and x̂ is the reconstructed waveform. Here, t and f

denote the time-frame index and frequency-bin index of the STFT, respectively.
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During training, as in time-domain models, a hybrid loss combining adversarial and

auxiliary components is commonly used, as described in Eq. 3.18. Consequently, a

hybrid architecture, one that performs generation in the time-frequency domain fol-

lowed by discrimination and evaluation after reconstruction into the time domain, has

become a prevailing design paradigm in recent neural vocoder research.

4.6.2 Theoretical Advantage

Although the time-frequency representation is mathematically a coordinate trans-

form of a time-domain signal, it offers several advantages for speech generation. One

advantage is that harmonic structures arising from vocal-fold vibrations, as well as

spectral envelope variations shaped by vocal-tract resonances, are more clearly rep-

resented in the time-frequency domain. For speech and other natural time signals,

important information is often more distinctly organized along the frequency dimen-

sion, which can allow neural networks to model the intrinsic structure of the signal

more effectively. In this sense, the time-frequency domain can be viewed not only as

an analytical tool but also as a potentially suitable representational space for speech

generation.

Another benefit is computational efficiency: generating signals in the time-frequency

domain reduces the effective sequence length, which typically improves inference speed.

Recent work has shown that such models can achieve speech quality comparable to,

or even surpassing, time-domain neural vocoders while requiring substantially fewer

computational costs.

Finally, time-frequency-domain generation carries an important theoretical implica-

tion: it enables speech modeling without violating the sampling theorem. In STFT-

based generation, the frequency range is explicitly defined and band-limited, allowing
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the model to avoid the high-frequency folding that naturally arises in discrete-time

models. From this perspective, time-frequency-domain models can be regarded as a

more physically consistent formulation. In Chapter 7, this thesis theoretically demon-

strates that the time-frequency domain modeling can fundamentally avoid aliasing,

and further discusses how the choice of representational space relates to physical con-

sistency.

4.6.3 Existing Methods

Recent neural vocoders synthesize speech by predicting time-frequency representa-

tions rather than directly generating waveforms. These spectrogram-based approaches

can be broadly categorized according to how they represent and reconstruct the com-

plex spectrogram.

Amplitude Spectrogram Estimation

Early models such as SpecGAN [89] and GANstrument [90] estimate only log-

amplitude spectrograms, sometimes using mel-frequency scaling. Estimating the phase

component is particularly challenging due to its inherent randomness and the ambi-

guity introduced by periodicity modulo 2π. Consequently, these methods rely on the

Griffin-Lim algorithm (GLA) [91] to reconstruct waveforms by iteratively estimating

a phase that is consistent with the predicted amplitude spectrogram. However, be-

cause GLA depends solely on amplitude-phase consistency constraints, it often yields

unnatural phase structures, leading to audible artifacts and degraded audio quality.
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Complex Spectrogram Estimation

To overcome the limitations of amplitude-only prediction, several studies have pro-

posed neural vocoders that directly estimate complex spectrograms and reconstruct

waveforms via inverse STFT (iSTFT). iSTFTNet [92, 93] is the first vocoder to fol-

low this approach. It converts low-temporal-resolution mel-spectrograms into high-

temporal-resolution, low-frequency-resolution complex spectrograms using multiple trans-

posed convolutional layers and HiFi-GAN-based residual blocks, after which a final

iSTFT generates the waveform. Following iSTFTNet, numerous studies have further

explored spectrogram-based generative modeling.

APNet [94] extends this direction by removing upsampling layers entirely and di-

rectly estimating complex spectrograms. To mitigate the inherent difficulty of phase

prediction, stemming from phase ambiguity and instability, APNet trains the model

to align multiple components of the target and predicted spectrograms, including log

amplitude, real and imaginary parts, instantaneous frequency, group delay, and phase

time differences. Although this multi-objective formulation promote explicit phase

modeling, relying on explicit distance losses that assume a one-to-one correspondence

between complex spectrograms and waveforms can be suboptimal due to redundancy

in the complex spectrogram representation.

In contrast, LightVoc [95] and Vocos [96] adopt iSTFT-based synthesis but employ

simpler and typical GAN-style training objectives: mel-spectrogram reconstruction

loss, adversarial loss, and feature-matching loss. They replace standard CNN back-

bones with more advanced architectures such as ConvNeXt [97] and Conformer [98] to

enhance modeling capacity. Vocos, in particular, achieves significantly faster inference

than iSTFTNet. However, simply relying on large model capacity does not guarantee

robustness, and Vocos exhibits reduced stability under out-of-distribution conditions,
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such as unseen F0 values, as demonstrated in Chapter 7.

Guided Phase Spectrogram Estimation

Another line of research incorporates parametric excitation signals to explicitly model

harmonic structures, following the neural source-filter (NSF). HiNet [99] first estimates

a log-amplitude spectrogram and then predicts the phase spectrogram conditioned on

an analytic harmonic signal-constructed from F0 as described in Section 4.4.2. This

formulation enforces a coherent phase trajectory and enables more reliable phase esti-

mation through the STFT.

HiFTNet [100] extends this approach by integrating F0 estimation, a harmonic-

plus-noise excitation mechanism, and modern architectural components such as the

Snake activation [101] and the truncated relativistic GAN loss [102]. While these

models improve phase consistency and harmonic structure representation, they remain

susceptible to aliasing introduced by resampling layers and to the limited frequency

resolution imposed by discrete STFT bin sizes.

4.7 Summary

This chapter examined neural vocoder designs that pursue consistency with the

physical speech production mechanism.

First, the harmonic-plus-noise modeling approach was reviewed. By modeling the

periodic and aperiodic components separately, neural vocoders can reproduce the dis-

tinct roles, leading to higher naturalness and controllability.

Second, neural vocoders incorporating linear filters were discussed. These models

represent vocal-tract resonances through IIR or FIR filters while allowing neural net-
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works to model the excitation source or filter coefficients. Such architectures promote

efficient, interpretable, and controllable speech synthesis.

Third, F0-driven mechanisms for achieving robust pitch control were reviewed. Intro-

ducing analytic periodic signals and pitch-dependent convolutional layers encourages

neural vocoders to maintain consistent behavior across unseen F0 conditions.

Fourth, the challenges arising from the continuous-discrete time gap in neural vocod-

ing were analyzed. This section brought up the aliasing issue, non-physical artifacts,

and the lack of shift invariance introduced by discrete-time operations, and reviewed

previous approaches to mitigate these effects.

Finally, models that operate in the time-frequency domain were discussed. Repre-

senting and generating signals in this domain improves computational efficiency and

inherently avoids aliasing, making the model behavior more consistent with the physics

of sound (as demonstrated in Section 7).
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To this end, we propose the Unified Source-Filter GAN (uSFGAN), a neural vocoder

to achieve both high speech quality and robust F0 controllability. This chapter is

organized as follows. Section 5.1 presents the motivation and conceptual background

of the proposed approach. Section 5.2 details the architecture and learning framework

of uSFGAN. Section 5.3 reports experimental evaluations and comparative analyses.

Finally, Section 5.4 summarizes the findings and conclusions of this chapter.

5.1 Introduction

Human speech production can be explained as a process in which an excitation signal

generated by the vocal folds is shaped by the resonant characteristics of the vocal

tract filter [7]. Conventional vocoder research can be broadly categorized into three

approaches according to their underlying design principles, as discussed in Chapters

2, 3, and 4. The first is the signal-processing approach, which explicitly models the

physical mechanism of speech production. This approach offers high controllability and

interpretability but relies on assumptions such as short-term linearity and stationarity.

However, the reliance on these assumptions, together with the difficulty of accurate

phase modeling, prevents it from fully capturing the complex and dynamic aspects of

natural speech, thereby limiting the naturalness. The second is the fully data-driven

approach, which learns a nonlinear mapping from acoustic features to speech waveforms
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Figure 5.1: Comparison of source-filter-based and unified vocoder architectures. Gray

blocks represent signal-processing (parametric) components, whereas blue blocks denote

neural network components. Here, a unified model refers to a vocoder architecture

that integrates both the source and filter components within a single network, without

requiring an explicit separation between them.

using large-scale speech datasets and deep neural networks. This approach achieves

a level of naturalness that surpasses conventional vocoders. However, because this

approach does not consider the physical mechanisms of speech production, it often

suffers from limited controllability and generalization ability to unseen conditions.

The third is the hybrid approach, which incorporates analytical excitation models

or linear filters into deep neural networks. This approach aims to balance the physical

consistency of the speech production mechanism with the flexibility of the data-driven

approach. Nevertheless, it still depends on analytically designed parametric modules,

making it difficult to fully exploit the expressive potential of deep learning. Deep

learning can capture nonlinear and latent relational structures that are difficult to

describe explicitly with analytical modeling. To fully leverage this expressive capabil-

ity, this study adopts a new perspective that encourages the spontaneous formation

of structures consistent with the speech production process within a nonlinear model.
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Specifically, it embeds a functional perspective based on the source-filter theory [7]

within a single neural network, enabling the implicit functional decomposition of exci-

tation generation and resonant filtering. This allows the entire system to be trained in

a unified, data-driven manner while maintaining functional consistency with the speech

production mechanism. We refer to this framework as Unified Source-Filter Modeling

and implement it within the generator of a GAN [9] framework, termed the Unified

Source-Filter GAN (uSFGAN).

The proposed uSFGAN builds upon the Quasi-Periodic Parallel WaveGAN (QP-

PWG) [37] architecture by guiding the Pitch-Dependent Dilated CNN (PDCNN) [36,

37] to function as a source-network that generates excitation components, while the fol-

lowing Dilated CNN (DCNN) acts as a filter-network modeling vocal-tract resonance.

Details of the PDCNN are provided in Section 4.4.3. A spectral regularization loss is

applied to the source network to promote spectral flatness, thereby confining timbral

information, shaped by the vocal tract, to the filter network and clarifying functional

separation. Furthermore, a periodic signal derived from the fundamental frequency

(F0) is provided as an auxiliary input to the source network, enhancing generalization

to unseen F0 regions. Furthermore, inspired by Neural Source-Filte (NSF) [33], a pe-

riodic signal derived from the fundamental frequency F0 is provided as an auxiliary

input to the source-network, reinforcing generalization to unseen F0 regions. Through

this design, uSFGAN achieves a unified and interpretable representation of the source-

filter mechanism within a deep generative model. Experimental evaluations demon-

strate that uSFGAN achieves speech quality comparable to modern data-driven neural

vocoders [67] while achieving controllability competitive with the classical source-filter

model [3].
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5.2 Unified Source-Filter GAN

To develop a high-fidelity and F0-controllable neural vocoder, we propose uSFGAN,

which represents the source-filter architecture with a single neural network based on

GAN. The generator network is factorized into a source excitation generation network

(source network) and a resonance filtering network (filter network) using a regulariza-

tion loss to make the source network output reasonable source excitation signals. To

further improve the F0 controllability, we introduce F0-driven mechanisms designed on

the basis of QP-PWG and NSF into the source network. Moreover, inspired by the

recent successes of the neural vocoders that adopt harmonic-plus-noise (HN) speech

modeling [30,34,35,103], we introduce HN source excitation generation to obtain bet-

ter speech quality. The overall architecture of uSFGAN is shown in Fig. 5.2, and the

generator architectures are shown in Fig. 5.3.

5.2.1 Factorization of Generator Network

In the proposed method, uSFGAN, the single GAN generator is functionally divided

into a source network and a filter network. To achieve this, a regularization term is

applied to the intermediate output of the generator (i.e., the output of the source net-

work). This regularization is designed so that the intermediate representation possesses

appropriate properties as a source signal, and it is incorporated as an additional term

into the standard GAN-based optimization objective as described in Section 3.4.2. In

this study, two novel regularization losses are introduced for the output of the source

network. The fundamental principle shared by both losses is based on the source-filter

assumption that a source signal does not contain resonant characteristics introduced

by the vocal-tract filter. Therefore, these losses constrain the source-network’s output
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to prevent it from carrying timbral information.

Spectral Envelope Flattening Regularization Loss

The first regularization term, spectral envelope flattening regularization loss, is de-

signed under the same assumption adopted in traditional source-filter vocoders such

as STRAIGHT [2] and WORLD [3]: namely, that the excitation signal exhibits a flat

spectral envelope and constant amplitude across all frequency bands and time frames.

To enforce this condition, the spectral envelope is extracted from the source network’s

output signal, and its flatness is constrained via regularization.

For spectral envelope extraction, a simplified version of the CheapTrick [46] algo-

rithm, described in Section 2.2.3, is employed. The original CheapTrick algorithm

consists of the following three stages:

1. F0-adaptive windowing and computation of the log power spectrum,

2. F0-adaptive spectral smoothing, and

3. F0-adaptive liftering in the cepstral domain.

In this study, several modifications are introduced to accelerate the estimation pro-

cess. First, instead of re-estimating F0 from the output signal, the provided auxiliary

F0 feature is directly used. These F0 values are rounded to integers, and the corre-

sponding window and liftering functions are pre-generated. Second, stage (2), spectral

smoothing, is omitted due to its high computational cost, and spectral smoothing is

instead realized by the F0-adaptive liftering in stage (3). Although these modifica-

tions slightly reduce estimation accuracy, precise envelope estimation is not required

for regularization purposes, so no practical degradation occurs.
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Figure 5.2: Overall framework of the proposed uSFGAN. The generator takes condi-

tional acoustic features together with a noise signal and produces a source excitation

signal as well as a synthesized speech waveform. The discriminator receives natural

and generated speech waveforms to perform adversarial training.

The spectral envelope flattening regularization loss is defined as:

Lreg = Ez

[
1

N
|| log Êz ||1

]
, (5.1)

where || · ||1 denotes the L1 norm, Êz represents the spectral envelope amplitude ex-

tracted from the source network output, N is the number of elements, and z denotes

the input acoustic features. Note that when this loss approaches zero, the linear-scale

amplitude values Ê become one across all frequencies and time frames.
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Figure 5.3: An overview of the uSFGAN generator.

Residual Spectra Targeting Regularization Loss

The second regularization loss is inspired by the concept of Linear Predictive Coding

(LPC) [43,44], and it utilizes the residual spectra computed from natural target speech.

Here, the term residual refers to the excitation component obtained by removing the

vocal-tract filter characteristics from the speech signal. Unlike previous studies such as

GELP [19] and LPCNet [21], which are introduced in Section 4.3 and directly predict

the residual waveform itself, the proposed method regularizes the spectrum Ŝz of the
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Figure 5.4: The source-network of the parallel hn-uSFGAN generator. The harmonic-

and noise-networks independently generate excitation representations from sinusoidal

and noise inputs conditioned on acoustic features. The output excitation representation

is used as the input to the filter-network and for computing the source regularization

loss.

excitation signal produced by the source network.

The residual spectra regularization loss is defined as:

Lreg = Ex,z

[
1

N
|| logψ(Sx)− logψ(Ŝz) ||1

]
, (5.2)

where x and z denote the ground-truth waveform and the input acoustic features, ψ(·)

represents the mel-spectrogram transform, and N is its dimensionality. The reference

residual spectrum Sx is obtained by subtracting the estimated spectral envelope of the

target speech from its log-amplitude spectrum. This spectral envelope is computed

using the simplified CheapTrick algorithm described in the previous section. Further-

more, the power of Sx is scaled so that it has the same frame-level average power as

the reference waveform (see Fig. 5.8).

Unlike the spectral envelope flattening regularization loss, this regularization en-

courages the excitation signal to reflect frame-level power variations and frequency-

dependent attenuation patterns consistent with the target speech. This formulation is
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Figure 5.5: Source network of the cascade hn-uSFGAN generator. Compared with the

parallel configuration in Fig. 5.4, the noise-network is additionally conditioned on the

output of the harmonic network.

Figure 5.6: A diagram of the macroblock in QP-PWG [37].

inspired by the physiological mechanism through which humans control vocal power

during phonation, enabling the model to represent both frequency-dependent spectral

dynamics and temporal energy variations. To mitigate the effects of estimation errors

in F0 (fundamental frequency) and phase between generated and reference speech, a

mel-filter-bank is applied to the amplitude spectra, and the loss is evaluated on the

mel-frequency scale. This design allows the model to learn acoustically plausible exci-

tation patterns under the source-filter assumption, while enhancing robustness against

fine spectral and pitch mismatches.
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Figure 5.7: A diagram of the periodicity estimator for hn-uSFGAN.

5.2.2 F0-Driven Source Excitation Generation

Source excitation signals have high periodicity owing to their generation process,

which is based on vocal fold vibrations. Inspired by NSF [33, 103, 105], we input a

sinusoidal-based signal to the generator generated by the same formula as that of NSF.

The signal retains the input F0 as the fundamental frequency, but with an additional

random noise signal. Moreover, we apply PDCNNs, which effectively enlarge the re-

ceptive fields in accordance with the input F0 by dynamically changing the DCNN

dilation factors. We found that using both the sinusoidal input and PDCNNs sig-

nificantly improves F0 controllability. However, the PDCNNs also tend to introduce

undesired periodic components to the unvoiced segments. This tendency prevents the

proper generation of other aperiodic source components, such as frication, aspiration,

and transient sources, which adversely affect speech quality and naturalness.

To improve the source excitation signal modeling, especially for the unvoiced parts,

we introduce a harmonic-plus-noise excitation generation mechanism inspired by the

current successful works [30,34,35,103] based on [74]. To explicitly model the periodic

and aperiodic components, previous works [30, 34, 35, 74, 103] prepared two networks
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Figure 5.8: Residual spectrogram on the mel-frequency scale used in the source reg-

ularization loss proposed in [104] (bottom). The residual spectrogram is obtained by

subtracting the spectral envelope (middle) from the spectrogram of the target speech

(top) in the logarithmic amplitude domain. The frame-wise power of the residual is

then adjusted to match that of the target speech.

for generating each component and devised the architecture and input features for

each. We adopt two harmonic-plus-noise modeling schemes, the cascade and parallel

model structures, referring to PeriodNet [34]. Hono et al. represent the dependence

of the periodic and aperiodic speech signals on the model structure. The cascade

model structure combines the periodic and aperiodic speech generators in series so

that the latter generator can predict the aperiodic component, taking into account

the dependence of the periodic component. On the other hand, the parallel model
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structure assumes their independence. To ascertain whether the cascade or parallel

structure scheme is superior in modeling the source excitation signal, we propose the

two approaches following PeriodNet. Moreover, the periodicity estimation is crucial for

the naturalness of generated speech. Regarding NHV [30] and HN parallel waveGAN

(HN-PWG) [35], we prepare a network to estimate periodicity-related weights from

acoustic features and mix periodic and aperiodic source components based on the

weights.

The HN source excitation generation module consists of three networks: the har-

monic network, noise network, and periodicity estimator, as shown in Fig. 5.4 and

Fig. 5.5. The harmonic network outputs latent features l(h) that correspond to the pe-

riodic components of the source excitation signal from a sinusoidal signal and auxiliary

features. On the other hand, the noise network outputs latent features l(n) that corre-

spond to the aperiodic components of the source excitation signal from a random noise

signal and auxiliary features. In the cascade approach (Fig. 5.5), the noise network also

receives the output of the harmonic network. We use the QP-PWG macroblock shown

in Fig. 5.6 in the harmonic network, while the PWG macroblock is used in the noise

network. We adopt the harmonicity estimator of HN-PWG as the periodicity estima-

tor shown in Fig. 5.7. Conditioned on the auxiliary features, the periodicity estimator

outputs the channel-wise and sample-wise weights a within [0, 1] corresponding to the

speech periodicity. The two generated representations are summed element-wise using

the estimated weights. The source excitation latent feature l is formulated as

lt,i = at,i · l(h)t,i + (1− at,i) · l(n)t,i (5.3)

where the subscripts indicate the ith channel of the tth sample of each latent feature

or weight. Since periodicity is estimated from auxiliary features, the input sinusoidal
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signal is generated using the continuous F0 values obtained by interpolating the dis-

continuous F0 values.

The cascade approach comprises three steps, as shown in Fig. 5.5. First, the harmonic

network outputs the periodic source excitation representation, which is modulated us-

ing the channel-wise weights predicted by the periodicity estimator. Second, a random

noise signal is mapped to a latent representation and mixed with a periodic source

representation using a 1x1 convolution layer and the noise network. Finally, the out-

put latent feature of the noise network is modulated using the weights and summed up

with the modulated periodic source excitation representation to output the final source

excitation representation. On the other hand, in the parallel approach, the aperiodic

source representation is generated without the output periodic source representation

of the harmonic network.

5.2.3 Adversarial Training

The training procedure of uSFGAN is common for GAN-based training plus auxiliary

regularization losses. The loss function of the generator can be written as the sum of

the adversarial loss Ladv, the auxiliary spectral loss Lspec, and the regularization loss

Lreg:

LG = λadvLadv + λspecLspec + λregLreg, (5.4)

where λadv, λspec, and λreg are loss balancing hyperparameters.

We adopt the least-squares GAN [64] loss as described in Eq. (3.19) and (3.20)

for adversarial training. For the spectral loss, we compare two representative formu-

lations: (1) the multi-resolution STFT (MR-STFT) loss introduced in Parallel Wave-
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GAN (PWG) [8] Eq. (3.24), and (2) the mel-spectrogram loss adopted in HiFi-GAN [67]

Eq. (3.28).

While the MR-STFT loss enforces a detailed match in the linear-frequency domain,

it is often sensitive to small discrepancies in F0 and phase, which can hinder con-

vergence when the conditioning features are not perfectly aligned with the ground

truth. In contrast, the mel-spectrogram loss provides a perceptually motivated fre-

quency compression that alleviates the effects of pitch and phase mismatches, leading

to more stable optimization and perceptually faithful synthesis. Because uSFGAN is

conditioned on vocoder features such as F0, spectral envelopes, and aperiodicity, such

mismatches are inevitable; hence, the mel-spectrogram L1 loss serves as a more ap-

propriate spectral constraint and is adopted as Lspec in our best-performing model.

Moreover, with sufficiently strong and well-designed discriminators, adversarial learn-

ing itself encourages the generator to produce plausible phase information, reducing

the need for the feature matching loss (Eq. (3.23)). Accordingly, unlike HiFi-GAN and

MelGAN [66], uSFGAN does not employ the feature matching loss, which is also prone

to instability under phase and F0 mismatches.

Finally, as regularization losses, we consider and compare two complementary objec-

tives: the flatten loss Eq.5.1 and the residual loss Eq.5.2. Their comparative effective-

ness is discussed in the following section.

5.3 Experimental Evaluations

5.3.1 Data Preparation

We used the VCTK corpus [106], which contains 109 English speakers. We used only

mic2 samples, and p315 was unavailable owing to a technical problem. The sampling
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rate was set to 24 kHz using the sox1 downsampling function. No preprocessing, such

as normalization or low-cut filtering, was applied to the audio. We divided the dataset

following a specific rule to evaluate robustness against unseen F0 values. The minimum

and maximum F0 values of the VCTK corpus were respectively found to be about 50

Hz and 400 Hz through careful investigation of each speaker. We limited the F0 range

of the training data from 70 Hz to 340 Hz and excluded two speakers (p271 and p300)

from the training data to evaluate the robustness of unseen speakers. Finally, nine

speakers were excluded from the training data; therefore, the training data included

99 speakers. Thanks to this limitation, we can evaluate the methods using various

conditions of seen or unseen speakers and F0 ranges.

5.3.2 Model Details

Baseline Models

As baselines, we used the following four models.

• HiFi-GAN: A high-fidelity GAN-based neural vocoder with four multi-period

discriminators and four multi-scale discriminators. HiFi-GAN has no clue for

controlling F0, so we used it as the baseline for the evaluation of speech recon-

struction. To train the HiFi-GAN model, we adopted the HiFi-GAN V1 [67]

configuration and used an unofficial open-source implementation2 for training

the model.

• WORLD: A conventional source-filter model. This model achieves flexible con-

trollability of acoustic features with reasonable speech quality. We used a Python

1http://sox.sourceforge.net/
2An unofficial code of HiFi-GAN: https://github.com/kan-bayashi/ParallelWaveGAN

https://github.com/kan-bayashi/ParallelWaveGAN
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wrapper3 of the original WORLD implementation4.

• HN-NSF: Harmonic-plus-noise neural source-filter with time-variant and train-

able sinc filters that predict their cut-off frequency from the input acoustic fea-

tures. We reimplemented the model on the basis of the official open-source code5

without changing the model configuration except for increasing the training iter-

ations.

• QP-PWG: A F0-controllable neural vocoder based on GAN without the source-

filter separation. It controls F0 via the PDCNNs and input auxiliary F0. We

increased the number of residual blocks from the original configuration: PDCNNs

10 −→ 30 and DCNNs 10 −→ 30. The capacities of the QP-PWG model and the

basic uSFGAN model, detailed below, are the same regarding the number of

residual blocks.

We conditioned the HiFi-GAN model by using the mel-spectrogram as the original

model with 80 mel-filter-banks, 1024 fast Fourier transform (FFT) points, 1024 points

of the Hanning window, and the hop size was set to 120 (5 ms). We trained it for 2500k

iterations as the original model with the batch size set to 16, and the batch length set

to 18000 (0.75 s), using the original setting of the Adam [107] optimizer. The loss

weights followed the original setting. The weights of the adversarial loss, the feature

matching loss, and the mel-spectral loss were set to 1.0, 2.0, and 45.0, respectively.

HN-NSF was conditioned using discrete F0, the mel-generalized cepstrum (MGC), and

mel-cepstral aperiodicity (MAP). We trained it for 600k steps with the batch size set

3A Python wrapper of WORLD vocoder: https://github.com/JeremyCCHsu/

Python-Wrapper-for-World-Vocoder
4WORLD official implementation https://github.com/mmorise/World
5NSF official Pytorch implementation: https://github.com/nii-yamagishilab/

project-NN-Pytorch-scripts

https://github.com/JeremyCCHsu/Python-Wrapper-for-World-Vocoder
https://github.com/JeremyCCHsu/Python-Wrapper-for-World-Vocoder
https://github.com/mmorise/World
https://github.com/nii-yamagishilab/project-NN-Pytorch-scripts
https://github.com/nii-yamagishilab/project-NN-Pytorch-scripts
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Table 5.1: Number of model parameters and real-time factors (RTF) calculated on a

single GPU (Titan RTX 3090) and CPU with four threads (AMD EPYC 7302).

Model Parameters RTF (GPU) ↓ RTF (CPU) ↓

HiFi-GAN 12.9 M 7× 10−3 0.83
HN-NSF 0.7 M 15× 10−3 1.49
QP-PWG 2.5 M 44× 10−3 4.26
uSFGAN 2.4 M 44× 10−3 4.38
C-uSFGAN 2.4 M 37× 10−3 3.99
P-uSFGAN 2.3 M 36× 10−3 4.19

to 1, as the original model, and the batch length was set to 24000 (1.0 s) using the

original setting of the Adam optimizer. This model was trained using only the L2

loss on the log power spectrogram. QP-PWG was conditioned using almost the same

features as those for HN-NSF, but continuous F0 and a binary sequence representing

voiced or unvoiced (VUV) segments were used instead of the discrete F0. We trained

it for 600k steps with the batch size set to 5 and the batch length set to 18000 (0.75

s) using the original setting of the RAdam [108] optimizer. The loss weights followed

the original setting. The weights of the adversarial loss and the multi-resolution STFT

loss were set to 4.0 and 1.0, respectively.

We extracted F0 using the Harvest algorithm [45] with a carefully set F0 search

range for each speaker. Then we extracted the log power spectral envelope using the

CheapTrick algorithm [46] and coded it into the corresponding 41-dimensional MGC

with the all-pass-constant set to 0.466. Also, we extracted aperiodicity using the D4C

algorithm [47] and coded them into the corresponding 21-dimensional MAP. These

features were calculated with a shift period set to 5 ms. The mel-spectrogram was

calculated using the librosa [109] function with the FFT size and window length set to

1024, and the hop length to 120 (5 ms) with a Hanning window.
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Proposed Models

We used the following three uSFGAN-based models in the comparison experiments.

• uSFGAN: This model was based on our method proposed in [110]. The source

network comprises 30 PDCNN blocks with six cycles, the filter network comprises

30 DCNN blocks with three cycles, and the PWG discriminator and PWG-based

training procedure were used. The modifications are that the regularization loss

became the L1 norm, and the input signal became a one-channel sinusoidal-based

signal generated by the formula of NSF instead of a two-channel signal (a random

noise signal and a sinusoidal-based signal without randomness). The updated loss

leads to better performance of the objective metrics, and the input signal was for

simplification of the comparison.

• C-uSFGAN (Cascade HN-uSFGAN): The first proposed model with the cascade

harmonic-plus-noise excitation generation, the residual spectra targeting loss, the

mel-spectral loss, and the HiFi-GAN discriminator. The harmonic network had

20 PDCNN blocks with four cycles, the noise network was composed of five CNN

blocks without cycles, and the filter network was the same as that of the basic

uSFGAN.

• P-uSFGAN (Parallel HN-uSFGAN): The second proposed model. The network

architecture was the same as that of C-uSFGAN except for the parallel or cascade

architecture. This model is based on that in [104], but we made several improve-

ments to it. Specifically, continuous F0 was removed from the auxiliary features,

and the two-dimensional BAP was changed to the corresponding 21-dimensional

MAP. More details about the feature choices are described in Appendix A. More-

over, empirically better loss weighting hyperparameters were used in this paper.
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To enable the model to access the F0 information only from the input sine waves, the

auxiliary features included only MGC and MAP in all models. According to our prelim-

inary experiments, this information restriction mechanism is essential for the proposed

models to deal with excessively deviated F0, such as the 2.0 × F0 of female speakers

with higher average F0. The extractions of these acoustic features followed the same

process as the baselines. The batch size and batch length of all the proposed models

were set to 5 and 18000 (750 ms), respectively, as in the QP-PWG. The uSFGAN

was trained with only the auxiliary losses for the first 100k iterations and with the

discriminator in the remaining 500k steps using the RAdam optimizer with the same

settings as those in QP-PWG. The loss weights were set based on those of QP-PWG:

λadv = 4.0, λspec = 1.0, λreg = 1.0. On the other hand, C-uSFGAN and P-uSFGAN

followed the HiFi-GAN training procedure of simultaneously training the generator

and the discriminators from scratch for 600k iterations using the Adam optimizer with

the same setting as that in HiFi-GAN. The loss weights were set based on those of

HiFi-GAN: λadv = 1.0, λspec = 45.0, λreg = 1.0.

The model sizes of the baselines and proposed models are shown in Table 5.1. Their

inference speeds are also detailed with the real-time factor (RTF) in the same table.

As shown in the table, the proposed models are much smaller than HiFi-GAN with

the V1 configuration, whereas HiFi-GAN achieves a much higher inference speed on

a single GPU and CPU than the proposed models. HiFi-GAN adopts a configuration

based on upsampling, where the preceding layers have lower temporal resolutions,

resulting in higher computational efficiency and enabling fast waveform generation.

On the other hand, the other models operate at a fixed temporal resolution consistent

with the output waveform from the input. Since the computational complexity is

proportional to the temporal resolution, these models tend to have slower speeds than
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the upsampling-based approach.

Ablation Models

To investigate the effectiveness of each component in our best-proposed P-uSFGAN

described above, we prepared the following four ablation models for the comparison

experiments. The input features and the training procedure of the ablation models

followed those of P-uSFGAN.

• Reg-Loss: P-uSFGAN trained with the spectral envelope flattening loss instead

of the residual spectra targeting loss.

• HN-SN: P-uSFGAN without the parallel harmonic-plus-noise source network but

with the generator of the basic uSFGAN (30 layers of PDCNNs).

• HiFi-D: P-uSFGAN without the multi-period or multi-scale discriminator of HiFi-

GAN but with the discriminator of PWG. We set λadv = 8.0 to match the reduced

number of discriminators.

• Mel-Loss: P-uSFGAN trained with the multi-resolution STFT loss of PWG in-

stead of the mel-spectral L1 loss. We set λspec = 20.0 so that the loss values

before and after the change have roughly the same magnitude.

5.3.3 Evaluation of Speech Reconstruction

To evaluate the robustness of the proposed models for unseen acoustic features,

both objective and subjective tests were conducted for the speech reconstruction per-

formances. That is, three evaluation sets, including natural acoustic features within,

beyond, and below the F0 training range, were adopted.
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Table 5.2: Results of objective evaluations of speech reconstruction. The best scores are

in bold.

method RMSE ↓ VUV ↓ MCD ↓

Within the training F0 range (70− 340 [Hz])
WORLD 0.05 13 3.23
HiFi-GAN 0.07 10 3.37
HN-NSF 0.05 13 4.50
QP-PWG 0.07 11 2.84
uSFGAN 0.06 12 3.07
C-uSFGAN 0.05 8 2.86
P-uSFGAN 0.05 8 2.88

Below the training F0 range (> 50 [Hz])
WORLD 0.10 20 3.28
HiFi-GAN 0.11 24 3.11
HN-NSF 0.10 27 4.45
QP-PWG 0.12 25 2.92
uSFGAN 0.10 22 2.98
C-uSFGAN 0.09 18 2.69
P-uSFGAN 0.09 20 2.85

Beyond the training F0 range (< 400 [Hz])
WORLD 0.06 9 3.35
HiFi-GAN 0.08 8 3.60
HN-NSF 0.07 8 4.81
QP-PWG 0.09 9 3.07
uSFGAN 0.07 9 3.17
C-uSFGAN 0.06 7 2.91
P-uSFGAN 0.06 7 2.87
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Figure 5.9: Mean opinion scores (MOS) for different F0 ranges. The upper-left, upper-

right, and lower-left panels show the results for speech samples with fundamental fre-

quencies beyond, within, and below the training F0 range, respectively. The lower-right

panel shows the average MOS values averaged over all F0 ranges. Error bars indicate

95% confidence intervals.

Objective evaluation

As the objective evaluation measurements, the root mean square error of log F0 [Hz]

(RMSE), the voiced or unvoiced decision error [%] (VUV), and mel-cepstral distortion

[dB] (MCD) were used. The results are shown in Table 5.2, where the results are divided

based on F0 range. Each group included 200 utterances containing equal numbers of

utterances by seen and unseen speakers. Since the primary purpose of our experiment

was to investigate the F0 robustness of the neural vocoders, and we confirmed that the

proposed method did not cause significant degradation for unknown speakers [104], we
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only report the evaluation results for all speakers together.

Conventional parametric vocoders such as WORLD usually achieve higher objective

acoustic controllability than neural vocoders [37], and the results of objective evalua-

tion also demonstrate the same tendency. Specifically, baseline neural vocoders suffer

from degradation when unseen F0 values were given, even though they partly outper-

form WORLD in the case of the seen F0 range. In particular, QP-PWG shows large

degradation in the VUV error rate for the F0 range below the training range. On the

other hand, uSFGAN, whose difference from QP-PWG is the explicit decomposition

of the source and filter network and the input sinusoidal-based signal, does not show

significant degradation in any case. This implies the benefit provided by the source-

filter modeling, that is, an inductive bias for the speech production process leading to

robustness to unseen F0. Note that C-uSFGAN and P-uSFGAN show the best results

in VUV error rate, greatly outperforming WORLD, indicating the effectiveness of the

harmonic-plus-noise architecture and of updating the loss functions. In conclusion,

the proposed methods attain acoustic controllability similar to or better than those of

conventional parametric vocoders.

Subjective evaluation

For the subjective evaluation, we conducted an opinion test on speech quality us-

ing seven models and natural speech with ten subjects. Each subject evaluated 20

utterances per method. We recruited English-speaking evaluators through Amazon

Mechanical Turk and instructed them to listen to the audio in a quiet room with head-

phones or earphones. Also, we filtered out scores from evaluators with unreasonable

answers, such as where almost all scores were the same or the score of natural speech

was lower than any system.
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The results are shown in Fig. 5.9, where the results are divided on the basis of

F0 range. HN-NSF was clearly inferior to the other models in speech quality, so we

excluded it in the subjective evaluation experiment because of the possibility of un-

desired bias that the other samples would be highly evaluated. HN-NSF is a very

basic baseline, and we speculate that the degradation was due to the simplicity of the

model architecture and its low capacity to adapt to the large number of speakers in the

VCTK corpus. However, we did not conduct any hyperparameter tuning on HN-NSF

and note that there is a possibility that its performance can be improved by increasing

the number of layers or introducing adversarial training.

We can see that all models except for WORLD achieve comparable scores for nat-

ural speech. Interestingly, QP-PWG, which uses the discriminator of PWG, achieves

the best score, outperforming HiFi-GAN. The reason for the improvement of QP-

PWG from the original model would be the increase in the number of the generator

layers (20 → 60 residual blocks). However, for the unseen F0 ranges, the proposed C-

uSFGAN and P-uSFGAN achieve the best results, whereas QP-PWG is considerably

degraded. Moreover, the differences between HiFi-GAN and natural speech become

more prominent than in the case within the training F0 range. On the other hand,

there are no significant differences between C-uSFGAN and P-uSFGAN and natural

speech in all cases. These results indicate that HiFi-GAN is data-driven and QP-PWG

is highly data-driven. However, our proposed C-uSFGAN and P-uSFGAN complement

the shortcomings of a data-driven approach.

5.3.4 Evaluation of F0 Transformation

Next, we evaluated the performances of F0 transformation with factors within [2−1.0, 21.0].

The magnifications were taken equally on the logarithmic axis with the base at 2. The
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Figure 5.10: Objective evaluation results of F0 transformation for the comparison with

baseline models. The MCD values of HN-NSF are excluded because they deviate from

the range of the y-axis where the results of the other models are gathered.

ground-truth F0 was determined by multiplying the F0 extracted from natural speech

by the scale factors, and they were also adopted as the input F0 of the models.

Objective evaluation settings

We extracted F0 using the WORLD analyzer by the following procedure. When F0

was multiplied by a scale factor greater than one, only the upper bound of the F0

search range was multiplied and transformed; otherwise, only the lower bound of the

range was multiplied and transformed. MCD was calculated using the CheapTrick [46]

algorithm provided by the WORLD analyzer, and the extracted F0 was used for the

calculation. However, we downsampled audio signals to 16000 [Hz] before estimating

spectral envelopes because the CheapTrick algorithm sometimes fails in the estimation

when the F0 adaptive window size is larger than the FFT size. We made the available

fixed FFT size sufficiently large by reducing the size of the F0 adaptive window through

downsampling and calculated MCD more accurately. The evaluations were conducted

using the evaluation data whose F0 range was within the training F0 range (i.e., 70−340

[Hz]).
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Figure 5.11: Objective evaluation results of F0 transformation for the ablation study.

Objective evaluation

The objective evaluation results of comparison with baseline models are shown in

Fig. 5.10. The result of log F0 RMSE shows that although other models suffer from

degradation in extreme cases (F0 × {2−1.0, 21.0}), the proposed C-uSFGAN and P-

uSFGAN models achieve stable values close to that of WORLD. However, the two

models achieve much lower VUV error rates than all baseline models, which we found

to have more impact on speech quality in our preliminary experiments. Moreover, we

can see that all proposed models achieve better MCDs than WORLD. Again, the VUV

error rate and the RMSE of log F0 in QP-PWG degrade as the scale factor increases

or decreases, respectively. In contrast, uSFGAN does not significantly degrade for any

factor, indicating the benefit of the source-filter decomposition.

Ablation study

The objective evaluation results of the ablation study are shown in Fig. 5.11. From

the results for P-uSFGAN and P-uSFGAN - HN-SN, we can see that the harmonic-plus-

noise source network is very effective in improving the VUV error rate and RMSE of

log F0. Moreover, the residual spectra targeting loss (P-uSFGAN vs P-uSFGAN - Reg-

Loss) and mel-spectral loss (P-uSFGAN vs P-uSFGAN - Mel-Loss) effectively improve
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Figure 5.12: Evaluation results of the preference test for F0 transformation with the

baseline WORLD and proposed C-uSFGAN and P-uSFGAN.

the VUV error rate. Although P-uSFGAN - HiFi-D exhibits stable performance in

the objective metrics, it is inferior to P-uSFGAN in terms of subjective speech quality,

as shown in Fig. 5.9. This observation suggests that, in this ablation setting, the

discriminator contributes more to perceptual speech quality.

Subjective evaluation

For the subjective evaluation, we conducted preference tests on speech quality using

WORLD, C-uSFGAN, and P-uSFGAN for four F0 scaling factors {2−1.0, 2−0.5, 20.5, 21.0}.

Twenty subjects participated, and each subject evaluated ten pairs per F0 scaling fac-
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Figure 5.13: Plots of output source excitation signals and spectrograms of C-uSFGAN

(upper row) and P-uSFGAN (lower row) for 500 ms. The left column indicates the

final source excitation signal, the middle column indicates the periodic source excitation

signal, and the right column indicates the aperiodic source excitation signal.

tor per method pair. The results are shown in Fig. 5.12. From the figures, both

C-uSFGAN and P-uSFGAN outperform WORLD for all given F0 scale factors, and

P-uSFGAN is superior to C-uSFGAN in 3/4 of the items.

5.3.5 Visualization of output source excitation signals

To investigate the behavior of cascade and parallel HN-uSFGANmodels (C-uSFGAN

and P-uSFGAN), we visualized their output periodic and aperiodic source excitation

signals in Fig. 5.13 with the spectrograms. These signals were obtained from the output
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Figure 5.14: Plots of output source excitation signals and spectrograms of uSFGAN, C-

uSFGAN, and P-uSFGAN (from top to bottom row) with three F0 scaling factors: 0.5,

1.0, and 2.0 (left to right column), for 50 ms. All of them were clipped from the same

segment of the same utterance. The original F0 values in this segment were around 140

[Hz].

latent representations of l, l(h), and l(n) using the output layers of the filter network

and normalization of the signal power.

In Fig. 5.13, the output source excitation signals of C-uSFGAN seem to include fewer

aperiodic components than in P-uSFGAN. Moreover, whereas P-uSFGAN well models

the periodic and aperiodic components by the corresponding networks, C-uSFGAN

does not seem to be able to disentangle these components. This indicates that the input

aperiodic components are ignored as they pass through some networks. C-uSFGAN and

P-uSFGAN achieve almost the same performance in speech reconstruction evaluation,

as shown in Section 5.3.3. However, P-uSFGAN significantly outperforms C-uSFGAN

in the evaluation of F0 transformation, as shown in Section 5.3.4. From the results,

we can conclude that the disentanglement of periodic and aperiodic components has

a good effect on the speech quality in F0 transformation scenarios. Thus, we choose

P-uSFGAN as our best-proposed model in this work.

Furthermore, source excitation signals of uSFGAN, C-uSFGAN, and P-uSFGAN for



130 5 Unified Source-Filter Modeling

several F0 scaling factors are plotted in Fig. 5.14. The figure shows that all proposed

models can generate reasonable source excitation signals in accordance with the input

F0.

5.4 Conclusion

This chapter proposed a novel framework, unified source-filter GAN (uSFGAN),

that functionally decomposes a single neural network into a source network and a filter

network, using a regularization loss applied to the intermediate output. By jointly

optimizing the source excitation and resonance filtering networks while incorporat-

ing the harmonic-plus-noise structure, the proposed method maintains speech quality

comparable to high-fidelity neural vocoders, while achieving F0 controllability compa-

rable to the conventional source-filter model, WORLD [3]. The uSFGAN models are

built upon PWG [8] as their backbone, taking advantage of the stable GAN-based

training framework. However, since PWG is implemented as a convolutional neural

network operating directly on long time-domain sequences, it is not suitable for real-

time applications under low-resource environments. In the next chapter, we address

this limitation by introducing a more efficient upsampling-based generator architec-

ture (HiFi-GAN [67]) as the backbone, and integrating it with the unified source-filter

framework.



6 Efficient Unified Source-Filter

Modeling

This chapter proposes Source-Filter HiFi-GAN (SiFi-GAN), an extended framework

that builds upon uSFGAN presented in the previous chapter. The structure of this

chapter is as follows. Section 6.1 reviews the design philosophy and limitations of

uSFGAN, clarifying the motivation behind the development of SiFi-GAN. Section 6.2

describes the architectural design of SiFi-GAN in detail. Section 6.3 presents experi-

mental results, focusing primarily on singing-voice synthesis to evaluate the proposed

method. Finally, Section 6.5 discusses the limitations of SiFi-GAN, outlines future

research directions, and concludes with a summary and prospects of this study.

6.1 Introduction

In the first theme of this study, the Unified Source-Filter GAN (uSFGAN) and its

extended model, the harmonic-plus-noise uSFGAN (hn-uSFGAN), were introduced.

These models established an integrated framework in which the functional roles of ex-

citation generation and resonance filtering emerge spontaneously within a single neural

network through adversarial learning. By incorporating a source regularization loss,

uSFGAN further clarified the functional separation between excitation and filtering

processes in Quasi-Periodic Parallel WaveGAN (QP-PWG) [37], thereby enhancing
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both interpretability and F0 controllability. However, since QP-PWG and consequently

uSFGAN operate at the same temporal resolution as the final waveform, their fixed-

resolution design leads to computational inefficiency for long sequences, limiting the

suitability for real-time and large-scale applications. Thus, although uSFGAN demon-

strated high performance in terms of speech quality and controllability, it remained

practically constrained by slow generation speed.

To overcome these limitations, this chapter introduces Source-Filter HiFi-GAN (SiFi-

GAN), which integrates the unified source-filter modeling framework of uSFGAN into

the hierarchical upsampling architecture of HiFi-GAN [67]. By combining source-

filter regularization with a multi-stage upsampling strategy, SiFi-GAN achieves high-

quality, controllable, and computationally efficient speech generation. In CNN-based

neural vocoders, computational cost typically scales with sequence length. However,

by adopting a hierarchical upsampling design, SiFi-GAN progressively expands low-

resolution acoustic representations, allowing for large receptive fields while maintaining

efficient computational scaling. This architecture effectively balances model capacity

and computational efficiency, achieving higher speech quality and faster generation

compared to fixed-resolution models such as uSFGAN.

Prior to SiFi-GAN, few extensions of HiFi-GAN have explored improving F0 con-

trollability by incorporating explicit F0-driven mechanisms. For example, Period-

HiFi-GAN introduces analytically generated sinusoidal signals to facilitate F0 con-

trol, whereas Harmonic-Net [38] combines this approach with Pitch-Dependent Dilated

CNNs (PDCNNs) [36,37] to achieve more robust F0 controllability. Building upon these

efforts, SiFi-GAN extends such F0-driven frameworks by integrating a source-filter

structure, analogous to the relationship between uSFGAN and QP-PWG. Figure 6.1

illustrates the conceptual position of SiFi-GAN relative to existing approaches. Struc-
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turally, SiFi-GAN connects two subnetworks, the source-network and filter-network,

in series within the generator, forming a sequential processing flow that mirrors the

classical source-filter relationship in human speech production. To mitigate the com-

putational overhead introduced by this additional subnetwork, redundant components

from the base HiFi-GAN generator are pruned, enabling fast waveform generation with-

out compromising speech quality. Experimental evaluations presented in Section 6.3 on

singing-voice synthesis demonstrate that SiFi-GAN outperforms both HiFi-GAN and

hn-uSFGAN in terms of perceptual quality and inference speed. These results con-

firm that the principles of unified source-filter modeling remain valid and effective even

when extended to the upsampling-based generator architecture. Overall, SiFi-GAN

establishes itself as a high-quality, efficient, and highly controllable neural vocoder,

capable of real-time speech generation even on a single CPU.

6.2 Source-Filter HiFi-GAN

As illustrated in Fig. 6.2 and Fig. 6.3, two source-filter architectures are examined:

the cascade and parallel models. In the cascade configuration (Fig. 6.2, the excitation

representations produced by the source-network are first processed by downsampling

CNNs and then added to the outputs of the corresponding upsampling layers in the

filter-network. In contrast, the parallel configuration (Fig. 6.3 connects the source-

network and filter-network at each temporal resolution without additional downsam-

pling. Between these two architectures, the cascade model achieves superior perfor-

mance, as demonstrated in the experimental results presented in Section 6.3. Therefore,

we adopt the cascade model as our proposed method. Unless otherwise noted, we refer

to it simply as SiFi-GAN throughout this dissertation.
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Figure 6.1: Comparison of several GAN-based [9] neural vocoder architectures from the

perspectives of temporal resolution, F0-driven mechanisms, and source-filter modeling.

Quasi-Periodic Parallel WaveGAN (QP-PWG) [81] and unified Source-Filter GAN

(uSFGAN) [111], both based on Parallel WaveGAN (PWG) [8], operate at a fixed

temporal resolution from input to output signals. In contrast, Harmonic-Net [38] and

the proposed SiFi-GAN [77], which are based on HiFi-GAN [67], employ upsampling-

based architectures that achieve higher synthesis efficiency relative to model capacity by

processing features at lower temporal resolutions.

6.2.1 Source excitation generation network

The source-network consists of three components: (1) downsampling layers based

on one-dimensional (1D) convolutional neural networks (CNNs), (2) upsampling layers

based on transposed 1D CNNs, and (3) the proposed quasi-periodic residual blocks

(QP-ResBlocks). A sinusoidal waveform is analytically generated from an F0 sequence

following the method in [105], and then passed through the downsampling layers to

obtain resolution-aligned periodic representations. These representations are added
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to the outputs of the corresponding upsampling layers, following the approach of [38].

The stride settings in the downsampling layers are configured to match the upsampling

ratios of the transposed convolutions. Each QP-ResBlock consists of multiple iterations

of leaky ReLU [112], pitch-dependent dilated convolutional layers (PDCNNs) [80, 81],

and 1D CNNs, with residual connections applied after each iteration. The number

of iterations in each block corresponds to the number of customized dilation sizes d

assigned to it. For each temporal resolution, the dense factors a [80] are carefully

set considering the theoretically producible maximum frequencies of the corresponding

PDCNNs. The dilation sizes d and dense factors a used in this study are detailed in

Fig. 6.2, and all kernel sizes in the QP-ResBlocks are fixed to three.

The source regularization loss is computed from a single-channel signal obtained by

applying a leaky ReLU and a 1D convolutional layer to the output of the final QP-

ResBlock. This loss enforces excitation-like behavior in the projected signal, whereas

the latent representation before projection can still encode richer information. The

latent representation is then passed to the filter-network for final waveform genera-

tion. Note that F0-dependent architectures are employed only in the source-network,

encouraging a structural separation between excitation and vocal-tract filtering.

6.2.2 Resonance filtering network

The filter-network consists of three components: (1) upsampling layers based on

transposed 1D CNNs, (2) multi-receptive field fusion (MRF) blocks of HiFi-GAN [67],

and (3) additional downsampling CNNs. The downsampling CNNs are used only in

the cascade structure to process the excitation representations from the final layer of

the source-network. These downsampling CNNs are configured in the same manner

as those used in the source-network. The final speech waveform is then generated by
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Figure 6.2: Architecture of the proposed SiFi-GAN Cascade. The source-network and

filter-network are connected in a cascaded manner: the output of the source-network is

processed by a chain of downsampling layers and then passed to the filter-network, form-

ing a clear cascade structure. Conv, T.Conv, QP-ResBlock, and MRF denote 1D con-

volution, transposed 1D convolution, quasi-periodic residual block, and multi-receptive

fusion, respectively. d, a, and Fs denote the dilation sizes, the dense factor [36], and

the sampling rate in Hz, respectively.

passing the output of the filter-network through the same output layers as in HiFi-

GAN.

Since SiFi-GAN employs two upsampling-based networks (i.e., the source- and filter-

networks), it inevitably increases both computational cost and parameter count com-

pared with the original HiFi-GAN (V1). To mitigate this increase and maintain gen-

eration efficiency, we adjusted the hyperparameters of the MRF modules. Specifically,

the kernel sizes {3, 7, 11} were reduced to {3, 5, 7}, which effectively reduces compu-
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Figure 6.3: Architecture of SiFi-GAN Parallel. The source-network and filter-network

operate in parallel, and their corresponding layers are connected at each temporal reso-

lution via feature-wise addition. That is, the intermediate outputs of the source-network

are directly added to the outputs of the corresponding transposed convolution layers in

the filter-network.

tational complexity and the number of model parameters while preserving perceptual

quality. We also removed the auxiliary CNNs that followed each dilated convolution

layer in the MRF modules.

As described above, the proposed SiFi-GAN (i.e., the cascade model) employs a se-

quential connection between the source- and filter-networks, where the source output

is passed through downsampling CNNs before being fed into the filter-network. Inter-

estingly, this cascade strategy is essential for the high-frequency reproduction in the

generated speech. The effectiveness of this design is further analyzed and demonstrated
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in our ablation study in Section 6.3.

6.2.3 Training Criteria

The training procedure follows HiFi-GAN [67], except that the original feature

matching loss [66, 67] is replaced with the regularization term defined in Eq. (5.2).

The discriminator D and generator G are optimized using the least-squares GAN [64]

described in Eq. (3.19) and (3.20). To ensure perceptual consistency between gener-

ated and target speech, the generator employs the mel-spectrogram loss Lspec defined

in Eq. (3.28). The overall generator objective is formulated as

LG = Ladv + λspecLspec + λregLreg, (6.1)

where λspec and λreg are empirically set to 45.0 and 1.0, respectively.

Although the feature matching loss [66] is widely used for stabilizing GAN-based

vocoders, we excluded it due to its adverse effects in this setting. Because neural

vocoding is inherently an ill-posed problem, even slight phase mismatches between the

generated and reference signals can result in large deviations in the discriminator’s

feature space [104], leading to over-penalization and mode-missing behavior [70, 113].

Empirically, removing this loss improved training stability and efficiency without de-

grading perceptual quality.

6.3 Experimental Evaluations

This section presents the performance of the proposed method. Because F0 control-

lability is more required in SVS, we evaluated singing voices generated with different
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F0 scaling factors in the analysis-synthesis scenario.

6.3.1 Data Preparation

We used Namine Ritsu Database [114], a Japanese singing voice dataset of 110 songs

with a single female singer. The total recording duration is about 4.35 hours. We

split the songs using a ratio of 100/5/5 for training, validation, and test sets. Also,

each song was split into small clips based on the rest notes in the musical scores. All

data were downsampled from 44.1 kHz to 24 kHz and normalized to -26 dB. The input

acoustic features were extracted using WORLD [3] with a 5 ms frame shift. Specifically,

we used one-dimensional continuous F0 (cF0) [115], one-dimensional voiced/unvoiced

binary flags (v/uv), 40-dimensional mel-generalized cepstral coefficients (mgc), and

three-dimensional band aperiodicity (bap). All sinusoidal signals were deterministically

generated from cF0 with the generation metric of [105].

6.3.2 Model Details

We prepared three baseline models for comparison.

1) WORLD is a conventional source-filter vocoder [3] based on signal processing,

providing high F0 controllability with reasonable sound quality.

2) hn-uSFGAN denotes the harmonic-plus-noise uSFGAN [104], which achieves high

levels of sound quality and F0 controllability. This model was conditioned on {mgc,

bap} and a sinusoidal signal derived from F0.

3) HiFi-GAN + Sine refers to HiFi-GAN [67] conditioned on {cF0, v/uv, mgc, bap}

and the sinusoidal embedding obtained through downsampling CNNs [38], as in SiFi-
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GAN. This model was used to examine the effectiveness and limitations of using only

a sinusoidal input derived from F0 for controlling F0.

4) HiFi-GAN + Sine + QP extends HiFi-GAN + Sine by inserting QP-ResBlocks

after each transposed CNN layer. These QP-ResBlocks were configured in the same

way as those used in the source-network of SiFi-GAN, as illustrated in Fig. 6.3.

Unlike SiFi-GAN, which consists of two lightweight HiFi-GAN-based subnetworks

(source- and filter-networks) with reduced kernel sizes and fewer layers, HiFi-GAN

+ Sine + QP retains the full HiFi-GAN capacity while adding F0-dependent mech-

anisms on top of it. Consequently, it has more parameters than SiFi-GAN despite

containing only a single subnetwork. This model was designed to evaluate the effect

of F0-dependent mechanisms and to compare the performance when the same F0-

driven mechanism is applied within a single network versus distributed across source

and filter subnetworks. Note that the configuration of HiFi-GAN + Sine + QP is

roughly equivalent to that of [38].

Although including a vanilla HiFi-GAN without any F0-driven mechanisms would be a

natural baseline for comparison, it could not generate reasonable singing voices under

F0 transformation conditions. Therefore, it was omitted from the main experiments,

but its generated samples are available on our demo page for reference.

As described in Section 6.2, we propose two variants of SiFi-GAN that differ in

how the source-network and filter-network are connected: the cascade and parallel

architectures. In SiFi-GAN Cascade, the output of the source-network is passed

through downsampling layers and then fed into the filter-network, forming a sequential

structure. In SiFi-GAN Parallel, on the other hand, the source excitation represen-

tations from each QP-ResBlock are directly added to the filter-network without any

downsampling. Both models are conditioned on {mgc, bap}.
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Table 6.1: Results of objective and subjective evaluations. The MOS of the ground truth

samples was 3.99±0.05 (1.0×F0). CPU and GPU rows show real-time factors (RTFs),

indicating the synthesis speed relative to real time when running on an AMD EPYC

7542 (CPU) and GeForce RTX 3090 (GPU), respectively. Params denotes the number

of model parameters (trainable weights). The RTFs were computed using 108 clips

(total duration: 878 s). The rightmost column corresponds to the proposed method,

SiFi-GAN Cascade.

Metrics WORLD
hn-

uSFGAN
HiFi-GAN
+ Sine

HiFi-GAN
+ Sine + QP

SiFi-GAN
Parallel

SiFi-GAN
Cascade

Copy Synthesis (1.0× F0)
VUV ↓ 4 3 2 2 2 2
RMSE ↓ 0.09 0.06 0.06 0.06 0.06 0.06
MOS ↑ 2.98± 0.07 3.55± 0.05 3.86± 0.05 3.73± 0.05 3.78± 0.05 3.90±0.05

F0 transformation (0.5× F0)
VUV ↓ 5 3 4 4 5 4
RMSE ↓ 0.10 0.09 0.08 0.09 0.10 0.08
MOS ↑ 2.63± 0.08 2.97± 0.07 2.95± 0.06 3.24± 0.06 2.91± 0.06 3.29±0.06

F0 transformation (2.0× F0)
VUV ↓ 7 6 19 26 13 10
RMSE ↓ 0.11 0.11 0.22 0.20 0.18 0.13
MOS ↑ 2.74± 0.08 3.23±0.07 2.69± 0.08 2.61± 0.09 2.87± 0.07 3.05± 0.08

CPU ↓ – 3.97 0.88 1.13 0.73 0.74
GPU ↓ – 1.9× 10−1 3.0× 10−3 8.6× 10−3 6.2× 10−3 6.2× 10−3

Params ↓ – 2.3× 106 14.4× 106 15.1× 106 9.7× 106 11.3× 106

The upsampling ratios of the transposed CNNs were set to 5, 4, 3, and 2 for HiFi-

GAN and SiFi-GAN models. The UnivNet multi-period and multi-resolution discrim-

inators [68] were adopted for all vocoders because of the effectiveness of the high-

frequency component generations. We trained all neural vocoders for 400 K steps

with the same training settings as HiFi-GAN [67]. The batch size was 16, and the

sequence length was 8400. However, since the training of hn-uSFGAN takes longer

than HiFi-GAN-based models, hn-uSFGAN was trained with a minibatch size of six.
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Figure 6.4: Spectrograms of output singing voices from SiFi-GAN Cascade (left) and

SiFi-GAN Parallel (right), respectively. This figure is adapted from [77].

6.3.3 Evaluation metrics

To assess the performance of the proposed method, both efficiency and F0 control-

lability were evaluated using objective measures. Synthesis efficiency was assessed by

the real-time factor (RTF) and the number of model parameters. RTF is defined as

the ratio of the synthesis time to the length of the generated waveform, where lower

values indicate faster synthesis. RTFs on both a single CPU and a single GPU were

reported to examine computational efficiency under different hardware conditions. F0

controllability was evaluated using the root mean square error (RMSE) of log F0 and

the voiced/unvoiced decision error rate (VUV). The RMSE of log F0 measures the

accuracy of F0 generation by comparing the synthesized and target F0 trajectories

on a logarithmic scale. It was computed only over frames judged as voiced in both

the reference and synthesized signals; therefore, large VUV errors can indirectly af-

fect the RMSE values. The VUV error rate represents the frame-wise disagreement

in voiced/unvoiced classification between the synthesized and reference signals. The
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F0 and VUV sequences were extracted using the Harvest algorithm [45]. In addition,

five-point mean opinion score (MOS) tests were conducted with 20 Japanese listen-

ers to evaluate the perceptual quality of the synthesized singing voices. Each listener

evaluated twelve samples for each method and F0 scaling factor.

6.3.4 Evaluation Results

All results are summarized in Table 6.1. First, when comparing the ablation mod-

els (HiFi-GAN and SiFi-GAN variants), the proposed SiFi-GAN Cascade achieves the

lowest RMSE and VUV error rates across all F0 conditions and the highest MOS scores,

indicating its superior F0 controllability and perceptual quality. In particular, when

F0 is scaled by a factor of 2.0, the HiFi-GAN models exhibit substantial degradation

in all metrics, revealing the limitation of relying solely on pitch-dependent mecha-

nisms. Meanwhile, SiFi-GAN Parallel also suffers from noticeable degradation when

F0 is scaled to 0.5 or 2.0 times, whereas SiFi-GAN Cascade successfully maintains

stable performance across all F0 conditions. This indicates that explicitly incorpo-

rating the sequential source-filter structure into the model contributes to improved F0

controllability. As shown in Fig. 6.4, even under the F0×1.0 condition, SiFi-GAN Cas-

cade preserves clear high-frequency components, whereas SiFi-GAN Parallel exhibits

smeared high-frequency regions. In addition, the SiFi-GAN models achieve faster syn-

thesis with fewer parameters than the HiFi-GAN models. Notably, SiFi-GAN (RTF

= 0.73) synthesizes faster on the CPU than the vanilla HiFi-GAN without sinusoidal

embeddings or QP-ResBlocks (RTF = 0.84). These results suggest that the improve-

ment in controllability achieved by the source-filter architecture outweighs the potential

degradation caused by parameter pruning (see Section 6.2.2) for faster synthesis.

Next, when compared with the baseline models, the proposed SiFi-GAN Cascade
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Figure 6.5: Spectrograms of the source excitation signals generated by uSFGAN, hn-

uSFGAN, SiFi-GAN Parallel, and SiFi-GAN Cascade. When converted to the mel-

frequency scale, these spectrograms exhibit a similar appearance to the residual spectro-

gram shown in Fig. 5.8.

achieves RMSE and VUV scores comparable to those of WORLD and hn-uSFGAN

under F0× 0.5 and 1.0 transformation conditions. Furthermore, SiFi-GAN obtained

higher MOS scores under these conditions, indicating its superior perceptual quality.

However, when F0 is scaled by a factor of 2.0, SiFi-GAN shows inferior scores compared

with hn-uSFGAN. The reason for this degradation will be discussed later in this section,

where the negative effects of SiFi-GAN’s resampling architecture are quantitatively

analyzed. In terms of synthesis speed, the upsampling-based generator of SiFi-GAN
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Cascade greatly improves efficiency compared with hn-uSFGAN, as evidenced by lower

RTFs on both CPU and GPU. Overall, these results confirm that SiFi-GAN successfully

combines the benefits of upsampling-based and source-filter architectures, achieving a

balance between high audio quality, F0 controllability, and computational efficiency.

6.3.5 Excitation Signal Analysis

To gain a deeper understanding of the model behavior, we conducted a qualitative

analysis by visualizing the spectrograms of the source excitation signals generated

by uSFGAN [111], hn-uSFGAN, SiFi-GAN Parallel, and SiFi-GAN Cascade. The

resulting spectrograms are shown in Fig. 6.5. Here, uSFGAN is a simpler variant of

hn-uSFGAN that does not employ the H+N structure. The vanilla uSFGAN shares

similarities with SiFi-GAN in that it uses sinusoidal excitation inputs and PDCNN-

based source-networks. However, unlike SiFi-GAN, uSFGAN adopts WaveNet-style [4,

8] residual blocks and does not employ the upsampling strategy like MelGAN [66] and

HiFi-GAN. This architectural difference allows for a clearer comparison of the effects

introduced by the H+N structure and upsampling operations.

First, we compared the uSFGAN and SiFi-GAN models to investigate the influence

of the upsampling layers. The excitation signals generated by these models exhibit

characteristics similar to residual signals, which is consistent with the design of the

regularization loss (see Eq. (5.2)) based on residual spectrograms. They clearly display

harmonic structures extending into the high-frequency region; however, aliasing arti-

facts appear as mirrored harmonic patterns. This aliasing effect is more pronounced

in the SiFi-GAN models, suggesting a potential negative influence introduced by the

upsampling layers.

In contrast, the high-frequency region of hn-uSFGAN is dominated by noise compo-
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nents, unlike the other two models. This observation suggests that the H+N structure

makes the high-frequency region noise-dominant, thereby preventing aliasing artifacts

from propagating to the subsequent resonance filtering stage. Building on this ob-

servation, incorporating the H+N structure into SiFi-GAN could potentially mitigate

aliasing and improve F0 controllability. However, incorporating the H+N structure

introduces additional network components, which inevitably increase computational

complexity and model size, and therefore, its adoption should be carefully considered.

Developing methods that can exploit the advantages of the H+N structure while main-

taining the computational efficiency of SiFi-GAN is a potential direction for further

study.

6.4 Limitations

While upsampling-based generator architectures enable efficient waveform genera-

tion, they exhibit two major drawbacks: aliasing and artifacts. We examine these

issues below in terms of their causes and perceptual impact.

(1) Aliasing Artifacts: One significant drawback of upsampling is aliasing. In the

F0 × 2.0 condition, SiFi-GAN performed worse than hn-uSFGAN, despite its superior

performance in other settings. We attribute this degradation to aliasing artifacts in-

troduced by the upsampling process in the generator (Fig. 6.6). When neural network

latent representations are viewed as time series, any resampling operation can intro-

duce aliasing distortion. Interpreting latent representations as time-domain signals,

upsampling becomes equivalent to resampling, which introduces aliasing unless proper

filtering is applied. SiFi-GAN employs transposed convolutions for upsampling, but

unless these operations closely approximate an ideal low-pass filter, or are followed

by appropriate filtering, aliasing is inevitable. In practice, aliasing can be suppressed
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to some extent within the F0 range covered during training, as the network learns to

adapt its convolutional filters. However, the compensation is limited to the F0 range

seen during training and does not generalize well to higher, unseen F0 values [117].

In such cases, aliasing becomes more perceptible due to the concentration of spectral

energy in high-frequency harmonics. According to Parseval’s identity, the total energy

is preserved across time and frequency domains; thus, when harmonics shift upward

with increasing F0, more energy is allocated to high-frequency components that are

subject to aliasing. Since aliasing reflects high-frequency components back into the

audible range, this concentration of energy makes artifacts especially prominent for

high-F0 signals, even when the overall amplitude remains constant.

(2) Fixed-Frequency Artifacts: Another persistent issue arising from upsampling

is the presence of fixed-frequency artifacts. These manifest as subtle noise components

with concentrated energy at specific, unchanging frequencies in the generated wave-

form. Although it is known that replacing transposed convolutions with alternative

upsampling methods, such as nearest-neighbor interpolation or sub-pixel convolution,

can mitigate these artifacts [84], they could not eliminate these artifacts in our internal

experiments. While often imperceptible in a single generated waveform, these artifacts

become problematic in scenarios that involve waveform superposition, such as choral

synthesis or the mixing of multiple vocal or instrumental tracks. Due to the linearity

of the Fourier transform, fixed-frequency components introduced by each waveform

accumulate linearly when summed.

As shown in Fig. 6.7, when multiple generated samples are combined using a singing

voice synthesis system [116], prominent noise bands appear at regular 100 Hz intervals

across the spectrum. This spacing is likely related to the 100 Hz frame rate of the

input acoustic features. In such cases, the accumulated noise can noticeably affect
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the spectral characteristics of the result, leading to audible artifacts that hinder the

use of neural vocoders, including SiFi-GAN, in waveform superposition scenarios. We

also confirmed that these artifacts appear even when ground-truth acoustic features

are used instead of predicted ones, reinforcing that they are independent of prediction

errors in the acoustic model.

6.5 Conclusion

In the previous chapter, uSFGAN demonstrated excellent performance in both speech

quality and controllability; however, its generation speed was insufficient, limiting its

applicability to real-time processing and large-scale deployment. To address this lim-

itation, we designed a new framework that integrates unified source-filter modeling

into the hierarchical upsampling architecture of HiFi-GAN, thereby achieving a bet-

ter balance between efficiency and quality. The proposed Source-Filter HiFi-GAN

(SiFi-GAN) aims to simultaneously satisfy the three essential requirements of neural

vocoders: high speech quality, controllability, and fast generation speed. It achieves

high audio fidelity and strong F0 controllability while maintaining efficient inference,

making it more suitable for integration into end-to-end speech generation systems such

as TTS and SVS, as well as deployment in low-resource environments. However, many

time-domain neural vocoders, including SiFi-GAN, suffer from non-physical distortions

such as aliasing and fixed-frequency noise due to their use of nonlinear operations and

upsampling. To fundamentally overcome this limitation, the next chapter introduces

a new neural vocoder, Wavehax, which structurally avoids such distortions by elimi-

nating nonlinear operations and upsampling in the time domain. Instead, Wavehax

performs operations in the time-frequency domain, a redundant representation of the

time signal.
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Figure 6.6: Spectrograms of F0 × 2.0 speech generated by hn-uSFGAN (top) and SiFi-

GAN (bottom). Aliasing artifacts are clearly observed in the SiFi-GAN output, which

are likely caused by the upsampling process.
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Figure 6.7: Log-amplitude Mel-spectrogram of 100 superposed waveforms generated us-

ing neural network-based singing voice synthesis (NNSVS) [116] with the SiFi-GAN

vocoder. Clearly visible noise bands occur at regular frequency intervals, likely due to

fixed-frequency artifacts. Each waveform was generated using a different random seed,

leading to slight variations across samples, such as in timing, F0, and timbre.



7 Aliasing-Free Neural Waveform

Synthesis

This chapter focuses on the signal-processing inconsistency that arises between the

continuous-time nature inherent to human speech production and the discrete-time

processing of neural vocoders. This chapter is organized as follows. Section 7.1 de-

scribes the background and motivation of this research theme and its positioning within

prior work. Section 7.2 provides a theoretical analysis of aliasing in neural vocoders

from the perspective of signal processing. Section 7.3 explains the design philosophy,

architecture, and training methodology of the proposed model, Wavehax. Sections 7.4

and 7.5 evaluate the performance of Wavehax through different experimental settings.

Finally, Section 7.6 summarizes this chapter.

7.1 Introduction

In the previous chapters, we investigated the functional perspective of the speech

production process based on the source-filter theory. Chapter 5 presented the Unified

Source-Filter GAN (uSFGAN), which realizes the functional separation of source and

filter components within a single neural network by means of a regularization loss and

adversarial learning. Chapter 6 further extended this framework into a hierarchical up-

sampling architecture and introduced the Source-Filter HiFi-GAN (SiFi-GAN), which
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achieves an improved balance among speech quality, F0 controllability, and genera-

tion efficiency. This chapter addresses a different issue, namely the mismatch between

the continuous-time nature of speech production and the discrete-time computation

performed by neural vocoders. Neural vocoders operate on discrete-time signals us-

ing nonlinear and resampling operations, which introduce aliasing that is absent in

natural speech production. Aliasing causes high-frequency components to fold into

the lower-frequency band, producing artificial spectral distortions and breaking the

shift equivariance property of convolutional neural networks. These artifacts represent

a fundamental form of physical inconsistency arising from the discrepancy between

continuous acoustic phenomena and their discrete computational representations.

In particular, nonlinearity is an essential component of deep neural networks, and its

removal inevitably limits their representational capacity. Several studies have there-

fore explored methods to mitigate aliasing artifacts caused by nonlinear operations. For

instance, BigVGAN [11] alleviates aliasing through temporal oversampling, which ex-

tends the spectral bandwidth during nonlinear processing. JenGAN [39], on the other

hand, indirectly suppresses aliasing by randomly shifting input and output signals dur-

ing training, thereby promoting shift equivariance. Although CNNs tend to learn to

suppress aliasing implicitly during training, this effect is often data-dependent and be-

comes less effective under unseen or out-of-distribution conditions, where the aliasing

effect becomes more pronounced. Consequently, establishing a principled framework

that can inherently avoid aliasing remains an open challenge. A separate line of re-

search combines parametric source excitation modeling with linear vocal-tract filtering,

as discussed in Section 4.3. Although such approaches can theoretically avoid alias-

ing, the linearity assumption imposed on the vocal-tract filter considerably limits the

model’s expressive capacity.
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In this chapter, we address these challenges by examining the internal mechanisms

of neural vocoders from a signal-processing perspective, with the goal of designing

architectures that preserve nonlinearity while maintaining consistency between contin-

uous and discrete representations. We begin by analyzing signal representations and

reinterpreting CNN operations through the lens of signal processing. This analysis

reveals that, when speech is represented in the time-frequency domain, CNN opera-

tions do not cause the spectral folding that typically arises when processing the speech

waveform directly in the time domain. This insight motivates a framework in which

neural speech waveform generation is formulated as the modeling of complex spectro-

grams, a redundant representation of the time-domain signal, followed by reconstruc-

tion into the time domain via the inverse Short-Time Fourier Transform (iSTFT). At

the same time, another important observation emerges: CNN-based modeling in the

time-frequency domain is generally less stable in constructing the harmonic structure

of speech waveform compared to time-domain approaches. Building on these findings,

this chapter introduces Wavehax, a neural vocoder that integrates analytical harmonic

modeling with nonlinear filtering in the time-frequency domain. Wavehax applies two-

dimensional (2D) convolution to latent representations of complex spectrograms while

incorporating a harmonic prior, enabling reliable complex spectrogram generation. The

harmonic prior, derived from an analytical harmonic signal model, compensates for the

lack of harmonic inductive bias in time-frequency domain processing and contributes

to robust synthesis even under out-of-distribution conditions.

Importantly, this study differs from previous time-frequency-domain vocoders, re-

viewed in Section 4.6, which primarily focused on computational efficiency. In con-

trast, Wavehax is driven by the objective of achieving aliasing-free waveform synthesis

and is therefore compatible with the physical speech production process, demonstrating
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both theoretical advantages and practical effectiveness. Experimental results show that

Wavehax attains speech quality comparable to existing high-fidelity neural vocoders

while exhibiting exceptional robustness in high-F0 extrapolation scenarios, where alias-

ing effects typically become severe. Moreover, Wavehax requires less than 5% of the

multiply-accumulate operations and parameters of HiFi-GAN V1, a widely used high-

quality neural vocoder, and achieves more than a fourfold speedup in CPU inference.

Taken together, these properties make Wavehax suitable for real-time speech synthesis

even in low-resource environments, highlighting the practical benefits of the proposed

aliasing-free vocoder design.

7.2 Theoretical Background

This section discusses the fundamental properties of time, frequency, and time-

frequency domain operations in neural vocoders from a signal-processing viewpoint,

particularly focusing on aliasing.

7.2.1 Time-domain processing

We start by discussing time-domain convolution and nonlinear operations, focusing

on why nonlinear operations in the time domain, such as the ReLU activation function

[82], cause aliasing. We then examine the anti-aliased nonlinear operation [10,11] and

highlight their limitations.



7.2. Theoretical Background 155

Time-domain convolution

Let x ∈ RN be a discrete-time signal defined at each time step n = 0, 1, . . . , N − 1.

We denote the element at time step n as x[n]. The frequency representation of x is

given by F{x} ∈ CN , which is obtained via the discrete-time Fourier transform (DFT)

F as follows:

F{x}[k] =
N−1∑
n=0

x[n] exp(−j2π k
N
n), (7.1)

where 0 ≤ k < N represents the frequency indices. Let h ∈ RM be a filter of length

M . The time-domain convolution can be expressed as:

(x ∗ h)[n] =
M−1∑
m=0

x[ (n−m) mod N ]h[m], (7.2)

which can be implemented as a 1D convolutional layer in neural networks. To sim-

plify the equations, we assume periodic padding, although zero padding or reflection

padding can also be applied. According to the convolution theorem, this time-domain

convolution modifies each frequency component F{x}[k] depending on F{h} in the

frequency domain. Thus, it operates as a linear system with a frequency response

characterized by the magnitude |F{h̃}| and phase ∠F{h̃}.

Time-domain nonlinear operation

Let f : R → R be an arbitrary pointwise nonlinear function. From the pointwise

property, the resulting signal from applying f to each element of the input signal x

can be expressed as f(x)[n] = f(x[n]). To facilitate the analysis of the anti-aliased

nonlinear operation discussed in Section 7.2.2, we provide an equivalent interpretation

and implementation of the pointwise nonlinear operation f(x) as a vector multiplica-
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tion. Specifically, we introduce a coefficient signal a, so that the function f(x) can be

expressed as the Hadamard product of x and a, i.e., f(x) = x⊙a, where a is defined

as:

a[n] =


f(x[n]) / x[n] if x[n] ̸= 0

0 otherwise.

(7.3)

Note that this formulation implicitly assumes that f(0) = 0, i.e., the activation function

belongs to a family for which the output is zero when the input is zero. This assumption

holds for most standard activation functions, and thus does not significantly limit

generality.

According to the inverse convolution theorem, multiplying two discrete-time signals

in the time domain corresponds to the circular convolution of their spectra in the

frequency domain. Therefore, the spectrum of x⊙ a is given by:

F{x⊙ a}[k] = (F{x} ∗ F{a})[k]

=
N−1∑
m=0

F{x}[ (k +m) mod N ] F{a}[m].
(7.4)

This equation indicates that high-frequency components with indices exceeding N fold

back into the lower-frequency band due to the periodic nature of the discrete Fourier

transform, resulting in overlapping spectra. If the sampling frequency of x is insufficient

to represent the bandwidth required for f(x), aliasing occurs.

7.2.2 Anti-aliased nonlinear operation

BigVGAN [11] incorporates the anti-aliased nonlinear operation [10] to mitigate alias-

ing effects. After explaining the original formulation of this operation, we present an
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Figure 7.1: Frequency domain representations of each signal in the anti-aliased non-

linear operation [11] are depicted. The output signal f(x), shown on the right, is

obtained through the process described in Eq. (7.6). The red lines indicate the Nyquist

frequencies.

equivalent interpretation and implementation based on vector multiplication, as de-

scribed in Section 7.2.1. Finally, we discuss the limitations and drawbacks of the

anti-aliased nonlinear operation.

Original formulation

The anti-aliased nonlinear operation first upsamples the input signal x by a factor

of two, applies the nonlinear operation f , and then downsamples the signal back to

its original temporal resolution after low-pass filtering. Defining FN as the Nyquist

frequency associated with x, the resulting signal f(x) is obtained as follows:

x̂ = lowpass( resample(x, 2), FN), (7.5)

f(x) = resample( lowpass(f(x̂), FN), 0.5), (7.6)
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where lowpass(v, c) represents low-pass filtering that retains only frequencies below c,

and resample(v, c) denotes resampling the input signal v by a factor of c. Note that f

is applied to the upsampled signal x̂ ∈ R2N , which has a Nyquist frequency of 2FN.

Equivalent interpretation and implementation

Building on the discussion in Section 7.2.1, we can derive an alternative implemen-

tation for computing f(x̂) in Eq. (7.6) using a coefficient signal â ∈ R2N as follows:

â[n] =


f(x̂[n]) / x̂[n] if x̂[n] ̸= 0

0 otherwise,

(7.7)

f(x̂) = x̂⊙ â. (7.8)

This reformulation clarifies the advantages of the anti-aliased nonlinear operation. Sim-

ilar to Eq. (7.4), the spectrum of x̂⊙â is given by the circular convolution of the spectra

of x̂ and â:

F{x̂⊙ â} = (F{x̂} ∗ F{â})[k]

=
2N−1∑
m=0

F{x̂}[ (k +m) mod 2N ] F{â}[m].
(7.9)

Since x̂ is obtained by 2× oversampling of x, its Nyquist frequency extends to 2FN,

although the actual occupied spectrum remains within the original band [−FN, FN].

This oversampling causes spectral overlap in the frequency range from FN to 2FN, as

shown in Fig. 7.1. As indicated in Eq. (7.6), a low-pass filter removes this overlapping
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Figure 7.2: Amplitude spectra in dB of x̂ (blue), â (green), and x̂⊙ â (red) are shown

for a 60 Hz sinusoidal signal x when the ReLU [82] function is applied. The sampling

frequency of the original signal x is 1 kHz. The dotted lines mark expected harmonic

frequencies from Eq. (4.8). Despite the use of an anti-aliasing nonlinear operation [11],

aliasing artifacts are still clearly observed in the green and red spectra.

frequency range, effectively mitigating aliasing in the resulting signal f(x).

Limitations and drawbacks

While the anti-aliased nonlinear operation effectively reduces aliasing, it has notable

limitations. First, it does not prevent aliasing introduced into the coefficient signal â

in Eq. (7.7). For instance, consider applying the ReLU activation function using the

anti-aliased nonlinear operation. The rectified version of the input signal x̂ can be
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expressed as the product of x̂ and a coefficient signal â, defined as follows:

â[n] =


1 if x̂[n] > 0

0 otherwise.

(7.10)

As illustrated by Eq. 4.8, the ReLU activation function corresponds to multiplying

rectangular windows with infinite support in the frequency domain. However, pointwise

computation of â corresponds to sampling from a continuous-time signal, potentially

introducing aliasing into â. Figure 7.2 shows that aliasing occurs in both â and x̂⊙ â

when ReLU is applied to a sinusoidal signal. Additionally, as indicated by Eq. (4.8),

higher F0 values result in stronger harmonic amplitudes, which makes aliasing more

pronounced at higher F0 and can degrade the quality of synthesized high-pitched audio.

Second, there is a fundamental trade-off between the effectiveness of anti-aliasing

and computational efficiency. This arises from the need to insert resampling oper-

ations before and after each nonlinear operation, where the computational cost and

suppression performance depend heavily on design parameters such as filter length and

oversampling ratio. A longer filter enables sharper attenuation in the high-frequency

range, improving aliasing suppression. A higher oversampling ratio increases temporal

resolution and shifts aliasing artifacts away from the frequency band of interest, mak-

ing them easier to remove. While oversampling ratios of 4× or higher are common in

classical signal processing, neural vocoders are typically limited to lower ratios such

as 2, due not only to hardware constraints like GPU memory but also to deployment

scenarios where high-end hardware is not available.
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7.2.3 Frequency-domain processing

We now turn to frequency-domain convolution and nonlinear operations, highlighting

how they can effectively avoid aliasing. In this context, frequency-domain processing

refers to operations performed on the spectrum F{x} ∈ CN , obtained by applying

DFT to the time-domain signal x ∈ RN .

Frequency-domain convolution

Let l ∈ CL be a convolution kernel of length L ≤ N . If periodic padding is used, the

convolution in the frequency domain is given by:

(F{x} ∗ l)[k] =
L−1∑
m=0

F{x}[ (k +m) mod N ] l[m]. (7.11)

Unlike time-domain nonlinear operations, which result in circular convolution in the

frequency domain, frequency-domain convolution is a localized process limited by the

receptive field size L. If L is sufficiently smaller than the spectrum length N , this

operation avoids problematic spectral overlaps, thereby effectively avoiding the aliasing.

Frequency-domain nonlinear operation

Consider an arbitrary pointwise nonlinear operation in the frequency domain, de-

noted as g : C → C. As discussed in Section 7.2.1, the resulting spectrum g(F{x})[k] =

g(F{x}[k]) can be expressed as the Hadamard product of F{x} and a coefficient vector
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b ∈ CN . That is, g(F{x}) = F{x} ⊙ b, where b is defined as:

b[k] =


g(F{x}[k]) / F{x}[k] if F{x}[k] ̸= 0

0 otherwise.

(7.12)

This operation independently modifies each element of F{x}, similar to time-domain

convolution (Section 7.2.1). Although this corresponds to circular convolution in the

time domain, potentially causing time-domain overlaps, this study focuses on spectral

overlaps in F{x}, recognizing them as a more critical factor contributing to practical

drawbacks. Consequently, frequency-domain nonlinear operations do not introduce

problematic spectral overlap in x.

7.2.4 Time-frequency-domain processing

Typical audio signals, such as speech or music, are non-stationary and are best

represented using time-frequency representations like spectrograms. To extend our

discussion of 1D frequency-domain processing in Section 7.2.3 to the 2D time-frequency

domain, we consider the spectrogram X ∈ CM×K , which is obtained by analyzing the

input time signal x ∈ RN via STFT. Here,M is the number of time frames andK is the

number of frequency bins, while X[m, k] represents the k-th frequency component in

the m-th time frame. Unlike 1D convolution in the frequency domain, 2D convolution

in the time-frequency domain influences each spectrum along the time axis. Despite

this, the process remains localized and does not cause problematic spectral overlaps.

Meanwhile, pointwise nonlinear operations in the time-frequency domain are applied

independently to each spectrum X[m], coming down to the discussion in Section 7.2.3.

Consequently, time-frequency-domain processing offers advantages over time-domain
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processing, as it can effectively avoid aliasing.

From the perspective of image processing, complex spectrograms can be interpreted

as 2D images, where nonlinear operations and resampling on them introduce aliasing ar-

tifacts, analogous to visual data processing. However, image-domain aliasing typically

results in localized distortions [10], whereas aliasing in time-domain processing leads

to more severe artifacts such as spectral folding. Therefore, we regard image-domain

aliasing as a secondary concern in this study. Still, techniques such as intermediate

oversampling [10, 11] and shift-invariance facilitation [39] are potentially beneficial for

spectrogram-based generation, as they are domain-agnostic and applicable to both

temporal and spatial signals.

7.3 Proposed Method

This chapter introduces Wavehax, an aliasing-free neural vocoder based on the

standard GAN [9] vocoder framework, designed to avoid aliasing by leveraging time-

frequency domain processing, as discussed in Section 7.2. Additionally, we highlight

the importance of integrating 2D CNNs and a harmonic prior for robust, high-fidelity

complex spectrogram estimation. Figure 7.3 illustrates an overview of Wavehax.

7.3.1 Harmonic prior

Analogous to prior distributions in Bayesian statistics, we use the term prior to refer

to signals considered by the model before observing any training examples. Intuitively,

the prior signal acts as an explicit bias, guiding the model in generating the output
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Figure 7.3: This diagram provides an overview of Wavehax. The kernel width of the

1D convolution is set to 7, while the kernel size of the depthwise convolution is set to

7 × 7. The number of hidden channels, denoted as C and C ′, are set to 32 and 64,

respectively. The number of frequency bins, F , is set to 241, calculated as half of the

discrete Fourier transform points plus one. T and N represent the number of time

steps in the waveforms and time frames in the features, respectively.

waveform1. Periodic priors have proven effective for explicit prosodic control in numer-

ous studies, particularly in GAN vocoders [30,32,34,35,77,111,118], as well as in other

frameworks [24, 33, 119]. We further analyze and provide a theoretical explanation

of how periodic priors enhance neural vocoders in both the time and time-frequency

domains.

Periodic prior for time domain models

Our hypothesis is that time-domain neural vocoders can effectively generate har-

monic components from periodic priors by modulating them through nonlinear oper-

ations. To substantiate this hypothesis, we first examine Maclaurin expansion of a

1Note that GAN-based vocoders, such as PWG [8], can be seen as using a non-informative prior,
where Gaussian noise serves as input. This absence of prior knowledge forces the models to infer the
spectral and temporal structures of output waveforms entirely from the training data.
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general pointwise nonlinear function, f : R → R, assuming this function satisfies the

condition for Maclaurin expansion2. Applying the Maclaurin series of f to a time-

domain signal x defined at each time step n, we obtain the following expression for the

transformed signal f(x)[n] = f(x[n]):

f(x)[n] =
∞∑
k=0

f (k)(0)

k!
xk[n]. (7.13)

This expansion shows that f(x) is a weighted sum of powers of xk, and the magnitude

of the derivatives f (k) influences the degree of aliasing. According to the inverse con-

volution theorem, the powers of a signal in the time domain correspond to repeated

convolutions in the frequency domain, implying that higher-order terms introduce ad-

ditional frequency components. Figure 7.4 illustrates the frequency characteristics of

each power up to the 6th order when x is a sinusoidal signal.

In particular, when we consider a simple periodic input signal, such as a sinusoidal

signal defined as x[n] = sin(ωn), where ω is the angular frequency, the harmonics gen-

erated by the nonlinear operation can be analytically derived as shown in the following

general formula:

sink(ωn) =
k∑

m=0

{
amsin((mω)n) + bmcos((mω)n)

}
, (7.14)

where am and bm are coefficients dependent on k. This indicates that if the input x is a

sinusoidal signal, the k-th power term in Eq. (7.13) becomes a sum of harmonics up to

the k-th order, implying that nonlinear operations effectively generate harmonics that

align with the input periodic signal. The proof of Eq. (7.14) is provided in Appendix 9.2.

2While this analysis strictly holds only when f is infinitely differentiable at 0, which is not true
for functions like ReLU, approximate analysis is still possible using piecewise definitions or smooth
approximations (e.g., SoftPlus), allowing similar interpretations in a weak or local sense.
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Figure 7.4: Log amplitude spectra of xk for k up to 6, where x is a 50 Hz sinusoidal

signal, are shown. The sampling frequency is 1 kHz, with the discrete Fourier transform

over a duration of 1 second.

This demonstrates why periodic priors (even for simple sinusoidal signals) offer a strong

inductive bias for robust and efficient speech waveform generation when combined with

time-domain nonlinear operations.

Periodic prior for time-frequency domain models

Wavehax operates in the time-frequency domain, which presents an additional chal-

lenge: the effective harmonic generation mechanism through time-domain nonlinear

operations is inherently unavailable. Given the structural differences compared to

time-domain vocoders, we argue that directly feeding harmonic information into the

neural network is crucial for high-fidelity waveform synthesis. To this end, we utilize

a complex spectrogram derived from a harmonic prior, denoted as e, via STFT. We
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construct e based on F0 values f [n] on each time step n, ensuring that the process is

aliasing-free while maintaining a pseudo-constant power across all time frames. This

process is expressed by the following formula:

e[n] =
Kn∑
k=1

√
0.02

Kn

sin(2πkϕ[n] + kφ) + 0.01z[n]. (7.15)

Here, FN denotes the Nyquist frequency and n[n] is a random variable sampled from

a normal distribution N (0, I). The number of harmonics, Kn, is defined as Kn =

⌊FN/f [n]⌋, while the cumulative phase, ϕ[n], is given by ϕ[n] =
∑n

m=0 f [m]/FN. The

details of this process are provided in Appendix 9.3. This method enables smooth

phase modeling of harmonic components without relying on the structural advantages

typical of time-domain vocoders. In Section 7.4, we demonstrate that using harmonic

priors yields significantly better results than sinusoidal priors.

7.3.2 Model architecture

Complex spectrograms have strong correlations between harmonic components, which

are broadly distributed but appear intermittently. Additionally, the frequency elements

between harmonics exhibit significant randomness, further complicating the estimation

process. To address this complexity, we employ 2D CNNs, which have proven effective

for complex spectrogram estimation as demonstrated in [93]. In Wavehax, the input

harmonic signal is first transformed into a complex spectrogram using STFT with a

Hanning window. A 1D convolutional layer is applied to this complex spectrogram

to capture the receptive field comprehensively along the frequency axis. Concurrently,

the input acoustic feature (e.g., mel-spectrogram) is converted into a single-channel 2D

map via another 1D convolutional layer, matching the dimensions of the complex spec-
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trogram. These features are concatenated along the channel axis to form a five-channel

2D map, which is then processed through linear and layer normalization layers [120]

to align with the channels in the subsequent ConvNeXt [97] blocks. Each ConvNeXt

block comprises a depthwise CNN, layer normalization, and a GELU [121] activation

function, sandwiched between two pointwise CNNs, which modulate the input feature

map. After passing through these blocks, the latent features are further transformed

by additional layer normalization and linear layers, yielding a two-channel 2D map

representing the real and imaginary components of the complex spectrogram. Finally,

the output audio waveform is reconstructed using iSTFT, followed by overlap-add with

a Hanning window function.

7.3.3 Adversarial training

Wavehax employs the standard framework of GAN-based vocoders, incorporating

mel-spectrogram loss, adversarial loss, and feature-matching loss. The mel-spectrogram

loss is defined in Eq. (3.28), which evaluates the L1 distance between the mel-spectrograms

of the natural and the generated waveforms. For adversarial learning, we adopt the

hinge GAN objective as described in Eq. (3.21) and (3.22). The feature matching loss,

defined in Eq. (3.23), computes the L1 distance between intermediate activations of

real and generated samples across all layers of all subdiscriminators. These configura-

tions follow the same setup used in the baseline model Vocos [96], enabling a clearer

and more controlled comparison.

The final generator loss is defined as the sum of Lmel, Ladv, and Lfm:

LG = λmelLmel + λadvLadv + λfmLfm, (7.16)
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where λmel, λadv, and λfm are balancing weights set to 45.0, 1.0, and 2.0, respectively,

based on [67].

Using sophisticated discriminators is essential for high-fidelity speech synthesis. [11,

68] suggested that the multi-resolution discriminator (MRD), introduced by UnivNet

[68], is superior to MSD, preventing over-smoothed spectrograms of synthesized speech.

Following these studies, we adopt the combination of MPD and MRD to maximize

performance.

7.4 Experimental Evaluation on Speech Analysis

Synthesis

7.4.1 Overview

We evaluate several neural vocoders through speech analysis and synthesis. As dis-

cussed in Section 7.2, aliasing impacts are theoretically more pronounced when gen-

erating speech with unknown F0, particularly at higher F0 values. To examine this

hypothesis, we investigate performance using training data constrained to a limited F0

range, allowing for explicit evaluation on unknown F0 values. We begin by presenting

an ablation study on our proposed method, followed by a comparison with baseline

models based on existing approaches.

7.4.2 Data preparation

We used the Japanese Versatile Speech (JVS) corpus [122], which consists of approx-

imately 15K utterances from 100 male and female speakers, with a total duration of

about 30.2 hours. The corpus includes normal, whispered, and falsetto speech record-
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ings, all sampled at 24 kHz. We used the raw audio data without volume normalization

or preprocessing. First, we carefully examined the F0 range for each speaking style and

speaker. The overall F0 range in the corpus was 57 to 873 Hz. We calculated the

lower 10% and upper 20% boundaries on a log F0 scale, corresponding to frequencies

below 71 Hz and above 499 Hz. We excluded utterances from the training dataset that

contained any F0 outside the training range 71 ∼ 499 Hz. Utterances with F0 values

outside the 71-499 Hz range were excluded from the training dataset, resulting in the

removal of 26% of the data for values below the lower limit and 5% for values above

the upper limit. The evaluation dataset consisted of the following three subsets:

I. 200 utterances with F0 entirely within the training range.

II. 200 utterances containing F0 values below 71 Hz.

III. 200 utterances containing F0 values above 499 Hz.

200 utterances, not used in the training or evaluation sets, were randomly selected for

the validation dataset. For conditioning the vocoders, we extracted 100-band log mel-

spectrograms using a 2048-point Fast Fourier Transform (FFT), a Hanning window,

and a 10 ms frame shift. The mel-filter bank covered a frequency range from 0 to

8 kHz. Additionally, we extracted F0 using the Harvest algorithm [45], with search

ranges tailored for each speaker and speaking style.

7.4.3 Model details

We used three baseline methods, each of which was optionally extended with specific

features as follows:

• PWG [8]: This model operates at a fixed time resolution and does not involve up-

sampling, which allows us to evaluate aliasing effects that are caused exclusively by
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the nonlinear functions. Additionally, we explored the effectiveness of the periodic

priors and anti-aliased nonlinear operation [11] in scenarios involving F0 extrapola-

tion. We used the official implementation of the anti-aliased nonlinear operation3

for all activation layers.

• HiFi-GAN [67]: This model utilizes progressive upsampling, which introduces alias-

ing from both upsampling and nonlinear operations. Similar to PWG, we investi-

gated the effectiveness of the periodic priors and anti-aliased nonlinear operation. Pe-

riodic waveforms were incorporated using downsampling CNNs, as described in [38].

• Vocos [96]: This model estimates complex spectrograms without upsampling and

generates waveforms using iSTFT. The FFT size and window length were set to

960, with a Hanning window function. Unlike Wavehax, Vocos does not incorporate

any priors; instead, it uses 1D CNNs to estimate the log amplitude and implicit

phase-wrapping [96]. To investigate whether periodic priors are also effective for

Vocos, we optionally modified Vocos to convert the priors to log-amplitude and

absolute-phase spectrograms, with phase values constrained to the range (−π, π].

The backbone network then receives the sum of these latent features and the pro-

jected mel-spectrogram.

• Wavehax: The FFT size and window length were set to 480, with a 50% overlap

between frames, compared to Vocos’s 75% overlap. Since Wavehax employs 2D

CNNs, computational complexity increases with FFT size. Therefore, we selected

a smaller FFT size to minimize complexity while maintaining sufficient frequency

resolution.

All models were trained for 1M steps with a batch size of 16 and a sequence length

3BigVGAN official code: https://github.com/NVIDIA/BigVGAN

https://github.com/NVIDIA/BigVGAN
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of 7,680 samples (320 ms). Gradient clipping with a threshold of 10.0 was applied to

all models to stabilize training and accelerate convergence. PWG models were trained

using the Adam optimizer [107] with beta parameters set to [0.5, 0.9]. The initial learn-

ing rate was 2.0× 10−4, halved every 200K steps. PWG models were trained with the

same loss functions as HiFi-GAN to enhance performance [123]. HiFi-GAN was trained

with the AdamW optimizer [124], using the original beta parameters of [0.8, 0.99]. We

found that the original learning rate decay of 0.999 was too small with gradient clip-

ping. Therefore, we adopted the learning rate settings from BigVGAN [11], using an

initial rate of 1.0 × 10−4 and a decay factor of 0.9999996. Vocos and Wavehax were

trained using the AdamW optimizer with a cosine learning rate scheduler, following the

official Vocos code4. The initial learning rate was 2.0× 10−4, with beta parameters set

to [0.8, 0.9]. We followed Vocos’ hyperparameter settings for the discriminators except

for the tuned loss weights for each subdiscriminator.

7.4.4 Evaluation metrics

We used six evaluation metrics, detailed below:

• VUV↓ measures the percentage of incorrect classifications of speech segments as

voiced or unvoiced (i.e., produced with or without vocal fold vibration), based on F0

sequences extracted from recorded and synthesized speech.

• RMSE↓ measures the root mean squared error of log F0 values between recorded and

synthesized speech, assessing F0 reproduction accuracy.

• STFT↓ measures the L1 distance between multi-resolution log amplitude spectro-

grams of recorded and synthesized speech [8], capturing fine and coarse spectral

4Vocos official code: https://github.com/charactr-platform/vocos

https://github.com/charactr-platform/vocos
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Table 7.1: This table shows the speech reconstruction performances from mel-

spectrograms for the ablation study. The ’Prior’ column represents the type of input

waveform generated using F0. When no prior is specified, the models use only mel-

spectrograms, following their original architectures. The ’Subset’ column denotes the

evaluation dataset detailed in Section 7.4.2. Amp. and IPW denote log amplitude

and implicit phase-wrapping [96] spectrograms. The best scores are highlighted in bold.

H-RI-RI is the proposed method.

Prior Input Output Subset VUV↓ RMSE↓ STFT↓ PESQ↑ UTMOS↑

N-RI-RI Noise
Real
Imag.

Real
Imag.

I 10 0.111 0.711 3.108 2.038
II 34 0.212 0.821 2.288 1.465
III 4 0.078 0.763 3.306 1.424

S-RI-RI Sine
Real
Imag.

Real
Imag.

I 6 0.085 0.701 3.733 2.972
II 13 0.127 0.708 3.589 3.326
III 4 0.072 0.839 3.209 1.524

H-RI-RI Har.
Real
Imag.

Real
Imag.

I 6 0.081 0.678 3.818 3.122
II 13 0.114 0.683 3.702 3.585
III 4 0.071 0.722 3.927 1.686

H-LA-LP Har.
Amp.
Phase

Amp.
IPW

I 6 0.080 0.682 3.793 3.071
II 13 0.117 0.687 3.684 3.531
III 4 0.070 0.714 3.934 1.686

H-L-LP Har. Amp.
Amp.
IPW

I 8 0.098 0.683 3.47 2.309
II 22 0.167 0.712 2.84 1.994
III 4 0.075 0.720 3.67 1.524
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details. It is particularly useful for evaluating aliasing artifacts, which often appear

as spectral distortions or blurring. We used FFT sizes of 512, 1024, and 2048, with

corresponding window lengths and one-fourth frame shifts.

• PESQ↑ assesses speech quality by comparing the spectral distance between recorded

and synthesized speech, correlating with human auditory perception. We used the

open-source Python library5 for calculations.

• UTMOS↑ indicates estimated subjective speech quality by a DNN model trained

to predict mean opinion scores (MOS) [71]. Calculations were performed using the

official library6.

• MOS↑ measures subjective speech quality through human listener evaluations. Par-

ticipants rated the overall naturalness of the speech on a scale from 1 (poor) to 5

(excellent), considering sound quality, clarity, and intelligibility.

All scores were calculated after normalizing each audio sample to -24 dB using the open-

source Python library7. PESQ and UTMOS were computed at a 16 kHz sampling

rate, excluding the frequency band above 8 kHz, where aliasing is more prominent.

Subjective evaluations were conducted independently for each of the three evaluation

subsets (I-III). For each subset, we recruited 30 native Japanese participants with

no requirement for expertise in speech or audio technology. Each participant rated

all vocoder models in the assigned subset, resulting in a total of 300 opinion scores

collected per model-subset pair.

5PyPESQ: https://github.com/vBaiCai/python-pesq
6UTMOS: https://github.com/sarulab-speech/UTMOS22
7pyloudnorm: https://github.com/csteinmetz1/pyloudnorm

https://github.com/vBaiCai/python-pesq
https://github.com/sarulab-speech/UTMOS22
https://github.com/csteinmetz1/pyloudnorm
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7.4.5 Ablation study

Before comparing with baseline models, we present an ablation study on the proposed

method. This study examines the impact of variations in prior spectrogram types

and the representation of complex spectrograms, assessed using objective metrics. All

models were trained as described in Section 7.4.3, and are outlined as follows:

• N-RI-RI: This model uses a non-informative prior (i.e., Gaussian noise). Both the

input and output spectrograms are represented by their real and imaginary compo-

nents.

• S-RI-RI: This model employs a sinusoidal prior, containing only F0 components.

The input and output spectrograms are also represented by their real and imaginary

components.

• H-RI-RI: This model uses the harmonic prior, as detailed in Appendix 9.3. The input

and output spectrograms are represented by their real and imaginary components.

• H-LA-LP: This model also uses the harmonic prior. The input spectrograms are rep-

resented in the log amplitude and absolute phase format. The output spectrograms

are provided as pairs of log amplitude and implicit phase-wrapping, as in Vocos.

• H-L-LP: Unlike H-LA-LP, this model uses only the log amplitude spectrogram of the

harmonic prior.

Table 7.1 shows the evaluation results. First, N-RI-RI and S-RI-RI exhibit signifi-

cantly poorer scores compared to H-RI-RI. This supports the hypothesis in Section 7.3.1

that time-frequency-domain processing lacks the inductive bias needed for harmonic

generation, unlike time-domain processing, and that the harmonic prior significantly

improves performance. Additionally, H-L-LP, which lacks the phase information of
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Table 7.2: This table summarizes the number of learnable parameters, the number of

giga multiply-accumulate operations (GMACs) per second for waveform generation,

and the real-time factors (RTFs), measured on a single GPU (GeForce RTX 3090)

and a single-threaded CPU (AMD EPYC 7542). Note that operations from modules

not supported by torchprofile, such as the STFT, are excluded; therefore, the reported

MACs represent a lower bound. Models marked with an asterisk (*) use the antialiased

nonlinear operation [11] in all activation functions. ’Har.’ indicates the use of the

harmonic prior described in Section 9.3. RTFs are averaged over 200 utterances.

Prior Params↓ GMACs↓ GPU↓ CPU↓
PWG Noise 1.423 M 33.41 0.0076 2.598

PWG* Noise 1.423 M 36.53 0.0089 5.884

HiFi-GAN – 13.82 M 28.01 0.0051 0.825

HiFi-GAN* – 13.82 M 29.69 0.0074 1.967

Vocos – 13.49 M 1.348 0.0026 0.036

Wavehax Noise 0.623 M 1.787 0.0035 0.150

Wavehax Har. 0.623 M 1.787 0.0039 0.196

input harmonic signals, performs worse than H-RI-RI and H-LA-LP, both of which

incorporate phase information in their priors. This suggests that time-frequency pro-

cessing struggles to model smooth and coherent harmonic phases due to a lack of struc-

tural support. H-RI-RI outperformed H-LA-LP, and we adopted H-RI-RI as our final

proposed model. This approach contrasts with previous vocoders based on complex

spectrogram estimation [93,94,96,99,100], which aim to estimate amplitude and phase

pairs. We speculate that the inherent uncertainty of 2π phase rotation complicates

phase spectrogram estimation in our method.
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7.4.6 Comparison with baselines

Model efficiency

Table 7.2 shows the number of trainable parameters, multiply-accumulate opera-

tions (MACs) computed using the profilemacs function in the torchprofile library8, and

waveform generation speeds, expressed as real-time factors (RTF) for both GPU and

CPU. Note that the anti-aliasing mechanism involves resampling and low-pass filtering

with fixed parameters, without increasing the learnable parameters. Wavehax (i.e.,

H-RI-RI) retains less than 4.5% of the parameters of HiFi-GAN and around 4.6% of

Vocos, achieving the lowest MAC count. While the CPU generation speed of Wavehax

with the harmonic prior is about 18% of Vocos’, it outperforms HiFi-GAN by over four

times. Comparing the Wavehax models with noise or harmonic priors, the computation

time for generating the harmonic prior accounts for about 23% of the total generation

time. This is because the superposition of sinusoidal waveforms takes a large compu-

tational cost. PWG* and HiFi-GAN*, which are equipped with anti-aliased nonlinear

operations, exhibit significant reductions in CPU generation speed, highlighting their

impracticality in environments without GPU resources.

Reconstruction performances

Table 7.3 presents the reconstruction results. The variation in UTMOS [71] across

subsets primarily reflects differences in speaking styles, such as whispered speech (Sub-

set I) and falsetto speech (Subset III), which typically yield lower UTMOS scores than

normal speech. This inherent bias in the recorded data also influences the synthesized

speech. As shown in the table, Wavehax achieves speech quality comparable to that

8torchprofile: https://github.com/zhijian-liu/torchprofile

https://github.com/zhijian-liu/torchprofile
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Table 7.3: This table presents the speech reconstruction performances from mel-

spectrograms. The ’Prior’ column indicates the type of input signal generated using

F0. The ’Subset’ column refers to the evaluation dataset described in Section 7.4.2.

The best scores are highlighted in bold, and scores with no statistically significant dif-

ference from the best are underlined.

Prior Subset VUV↓ RMSE↓ STFT↓ PESQ↑ UTMOS↑ MOS↑

Recording –
I – – – – 3.349 4.007 ± 0.030
II – – – – 3.821 4.127 ± 0.028

III – – – – 1.796 4.033 ± 0.034

PWG

Noise

I 6 0.094 0.725 3.222 2.418 2.860 ± 0.037

II 16 0.146 0.731 3.077 2.635 2.037 ± 0.032
III 5 0.082 0.919 2.503 1.416 1.907 ± 0.029

Sine
I 6 0.078 0.714 3.631 3.086 3.803 ± 0.031
II 13 0.111 0.714 3.582 3.533 3.810 ± 0.031
III 4 0.066 0.777 3.313 1.586 3.383 ± 0.033

Har.
I 6 0.085 0.709 3.656 3.100 3.843 ± 0.030
II 14 0.119 0.711 3.586 3.552 3.960 ± 0.029
III 4 0.072 0.774 3.364 1.625 3.420 ± 0.035

PWG*

Noise
I 7 0.096 0.713 3.308 2.536 3.020 ± 0.036
II 16 0.144 0.720 3.172 2.763 2.333 ± 0.033
III 5 0.082 0.897 2.642 1.419 1.920 ± 0.031

Sine
I 7 0.085 0.713 3.529 3.010 3.727 ± 0.033
II 15 0.125 0.713 3.481 3.462 3.603 ± 0.030
III 4 0.071 0.843 2.971 1.524 2.890 ± 0.036

Har.
I 7 0.083 0.715 3.605 3.092 3.853 ± 0.030
II 14 0.121 0.714 3.549 3.537 3.657 ± 0.030
III 4 0.071 0.799 3.229 1.612 3.140 ± 0.035

HiFi-GAN

–

I 7 0.089 0.678 3.649 2.875 3.570 ± 0.034

II 15 0.136 0.686 3.464 3.107 2.803 ± 0.036
III 4 0.081 0.804 3.124 1.482 2.420 ± 0.034

Sine

I 6 0.080 0.666 3.930 3.195 3.930 ± 0.031

II 14 0.113 0.673 3.807 3.590 3.877 ± 0.031
III 4 0.072 0.749 3.648 1.660 3.203 ± 0.037

Har.

I 6 0.079 0.665 3.934 3.217 3.950 ± 0.031

II 14 0.110 0.669 3.832 3.647 3.970 ± 0.029

III 4 0.073 0.727 3.709 1.691 3.343 ± 0.036

HiFi-GAN*

–

I 6 0.087 0.674 3.703 2.912 3.543 ± 0.032

II 14 0.126 0.683 3.538 3.243 3.160 ± 0.034
III 4 0.082 0.792 3.162 1.510 2.507 ± 0.034

Sine

I 7 0.080 0.664 3.950 3.207 3.923 ± 0.029

II 15 0.115 0.700 3.857 3.649 4.023 ± 0.030
III 4 0.071 0.769 3.517 1.664 3.027 ± 0.038

Har.

I 7 0.081 0.668 3.937 3.195 3.973 ± 0.029

II 14 0.115 0.673 3.826 3.640 4.023 ± 0.029
III 4 0.072 0.727 3.749 1.710 3.430 ± 0.036

Vocos

–

I 7 0.090 0.685 3.656 2.909 3.520 ± 0.033

II 16 0.137 0.703 3.463 3.092 2.733 ± 0.034
III 4 0.077 0.731 3.456 1.538 2.683 ± 0.035

Sine

I 7 0.092 0.695 3.633 2.904 3.623 ± 0.034

II 16 0.140 0.709 3.378 3.049 2.817 ± 0.035
III 4 0.078 0.735 3.420 1.545 2.690 ± 0.037

Har.
I 7 0.091 0.696 3.576 2.936 3.640 ± 0.032
II 17 0.136 0.706 3.394 3.205 3.197 ± 0.034

III 4 0.079 0.762 3.230 1.522 2.570 ± 0.037

Wavehax Har.
I 6 0.081 0.678 3.818 3.122 3.907 ± 0.032
II 13 0.114 0.683 3.702 3.585 3.973 ± 0.031

III 4 0.071 0.722 3.927 1.686 3.860 ± 0.035
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Figure 7.5: This figure shows the multi-resolution STFT distances averaged for each

F0 bin, grouped by 30 Hz intervals. Models marked with an asterisk (*) are equipped

with the anti-aliased nonlinear operation [11]. ’w/ Sine’ and ’w/ Har.’ indicate models

enhanced by the sinusoidal or harmonic priors, respectively. The STFT frame shift

is fixed at 10 ms across all resolutions to match the temporal resolution of the F0

sequences.

of the top-performing baseline, HiFi-GAN* with harmonic prior, on Subsets I and II,

while using significantly fewer parameters and achieving faster synthesis (see Table 7.2).

These results indicate that Wavehax effectively avoids the aliasing-related complexities

seen in conventional waveform generators, enabling high-fidelity and computationally

efficient speech synthesis.

On subset III, all time-domain vocoders show notable degradation, especially in

MOS, with performance gaps between subsets I and III much larger than those be-

tween I and II. This result supports the hypothesis that aliasing in neural vocoders
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compromises robustness in synthesizing high-pitched speech. In contrast, Wavehax

achieves significantly higher scores than all baseline models on subset III, showcasing

its robustness, due to its aliasing-free design. Figure 7.5 further supports this, illustrat-

ing how multi-resolution STFT distances of some models change with respect to F0.

The graph shows that Wavehax, unlike the other models, maintains stable performance

without significant degradation at unseen high F0 values.

Compared to the Vocos models, Wavehax consistently outperforms them across all

metrics, particularly in subsets II and III. This discrepancy likely arises from differences

in architectural design. Vocos relies on 1D CNNs to achieve high expressiveness and

complexity, strongly reflecting the training data through a large number of parameters.

In contrast, Wavehax employs 2D CNNs, capturing time-frequency representations in

more redundant latent feature spaces with fewer parameters, allowing more effective

adaptation to unseen conditions. The translational invariance of 2D CNNs further

enhances robustness by preserving spatial coherence in processing harmonic spectro-

grams.

Focusing on the time-domain baseline models, PWG and HiFi-GAN, we observe

that the harmonic prior almost consistently yields the best results. Morrison et al. [78]

argued that non-autoregressive GAN-based vocoders struggle to model the relation-

ship between F0 and harmonic phases, which involves cumulative summation. This

challenge can also extend to harmonic components not generated via time-domain

nonlinear operations, where certain terms in Eq. (7.13) can disappear due to vanish-

ing derivatives of particular orders. We speculate that models using the sinusoidal

prior build harmonic structures less effectively than those with harmonic priors. Ad-

ditionally, anti-aliased nonlinear operations have proven effective in some cases, such

as PWG* and HiFi-GAN* without periodic priors, and HiFi-GAN* with the harmonic
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prior. However, the improvements brought by them were inconsistent, implying the

limitations discussed in Section 7.2.2.

7.5 Experimental Evaluation via Singing Voice Analysis-

Synthesis

7.5.1 Overview

Aliasing artifacts tend to appear more prominently in the high-frequency range due

to the nature of signal processing. Because singing voice signals contain strong har-

monic components extending into the high frequencies, we conducted analysis-synthesis

experiments at a 48 kHz sampling rate using singing voice data to more directly ex-

amine the impact of aliasing. In addition, we evaluated the robustness of the models

under pitch-shifted conditions, which serve as out-of-distribution inputs not observed

during training.

7.5.2 Data preparation

We used the Namine Ritsu Database V2 [125], a Japanese singing voice dataset

featuring a single female vocalist. The database comprises 210 songs totaling approx-

imately 9.3 hours of recordings, with an F0 range (measured from the musical score)

spanning from 100 Hz to 1000 Hz. Although the recordings are sampled at 48 kHz, the

released audio contains usable bandwidth only up to that corresponding to a 44.1 kHz

sampling rate. While this is generally considered suboptimal, it does not substantially

affect the objectives of our experiments, which are to investigate high-frequency aliasing

and evaluate pitch-shift performance. Each recording was automatically segmented at
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musical rests, based on the musical score, to reduce memory usage during training. For

evaluation, we selected 101 segments not included in the training set, each ranging from

4.21 to 14.7 seconds in duration. For model inputs, we used WORLD features [3] ex-

tracted with a 10 ms frame shift, as their design for flexible speech manipulation makes

them well-suited for evaluating F0 transformation performance. Specifically, F0, spec-

tral envelope, and aperiodicity were extracted using the Harvest [45], CheapTrick [46],

and D4C [47] algorithms, respectively. The spectral envelope and aperiodicity were

parameterized as 60- and 40-dimensional mel-generalized cepstral coefficients, respec-

tively. Pitch-shift was carried out by altering the F0 value used for conditioning the

model.

7.5.3 Model details

As a baseline, we employed SiFi-GAN [77], a high-quality vocoder with strong F0

transformation performance. SiFi-GAN decomposes HiFi-GAN [67] into a source-filter-

like architecture while incorporating sinusoidal input as Harmonic-Net [38]. For full-

band synthesis, we added an upsampling block, doubled the initial channels to 1024,

and set the upsampling rates to (5, 4, 4, 3, 2) to match the 10 ms (480 samples) frame

shift. We also prepared SiFi-GAN*, which incorporates the anti-aliasing mechanism

of BigVGAN [11], to examine its effectiveness for pitch shifting. For Wavehax, we

increased the frequency-direction kernel size from 7 to 15 and set the FFT size/window

length to 20 ms with a 10 ms frame shift for full-band synthesis. The discriminators

in all models were modified from the configuration in Section 7.5.3. For the MPD [67],

we added blocks with periods of 13 and 17. For the MRD [68], we added a sub-

discriminator with an FFT size and window length of 4096 and a frame shift of 1024,

while removing the sub-discriminator with the shortest configuration. All models were
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Table 7.4: Objective evaluation results for the F0 conversion experiment on singing

voice. All metrics are the same as those described in Section 7.4.4, except that the

smallest FFT size and window length used for the STFT metric were set to 4096 and

1024, respectively. Mel-cepstral distortion (MCD) was measured using 25-dimensional

mel-cepstral coefficients computed from the spectral envelope extracted by the Cheap-

Trick algorithm [46], to reduce the influence of F0 conversion. As a reference, scores

for analysis-synthesis using the WORLD vocoder [3] are also provided. Boldface indi-

cates the best score.

WORLD SiFi-GAN SiFi-GAN* Wavehax

Copy Synthesis (0 octave shift)

VUV↓ 4 2 2 2

RMSE↓ 0.083 0.061 0.054 0.069

MCD↓ 7.338 6.466 6.540 6.436

STFT↓ 0.953 0.894 0.891 0.883

−1 octave shift

VUV↓ 4 3 2 3

RMSE↓ 0.101 0.064 0.064 0.089

MCD↓ 7.382 6.691 6.671 6.500

−0.5 octave shift

VUV↓ 4 2 2 2

RMSE↓ 0.093 0.057 0.052 0.077

MCD↓ 7.344 6.565 6.580 6.432

+0.5 octave shift

VUV↓ 4 2 2 3

RMSE↓ 0.088 0.080 0.074 0.086

MCD↓ 7.724 7.032 7.087 6.981

+1 octave shift

VUV↓ 7 6 6 6

RMSE↓ 0.099 0.105 0.101 0.100

MCD↓ 8.823 8.426 8.609 8.234
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Table 7.5: This table shows the number of model parameters, GMACs, and RTF on

a single GPU and CPU of the full-band models, calculated in the same manner as in

Table 7.2.

SiFi-GAN SiFi-GAN* Wavehax

Parameters↓ 35.21 M 35.21 M 2.019 M

GMACs↓ 53.14 57.02 5.572

RTF (GPU)↓ 0.0107 0.0263 0.0048

RTF (CPU)↓ 2.123 5.086 0.694

trained under the same settings as in the first experiment, except that the total training

steps were reduced from 1000K to 500K, with a batch size of 8 and batch length of

24K samples, since the simpler single-singer dataset makes training easier.

7.5.4 Results

We evaluated the models at pitch-shift ratios of 0, ±0.5, and ±1 octaves. The results

of the objective evaluation are shown in Table 7.4. The SiFi-GAN-based model outper-

forms Wavehax in terms of VUV and RMSE, which can be attributed to the inductive

bias of its time-domain architecture that facilitates harmonic generation (Section 7.3.1)

and benefits from the source-filter structure [77]. In contrast, Wavehax achieves lower

MCD and STFT distances, indicating more accurate reproduction of the overall spec-

tral shape and higher fidelity in high-frequency reconstruction. We attribute these

differences in MCD and STFT to spectral distortion in the high-frequency range, at

least partially caused by aliasing. As shown in Fig. 7.7, the SiFi-GAN-based model

exhibits noticeable high-frequency distortion, whereas Wavehax more clearly preserves

high-frequency harmonic components. These distortions become more prominent in

segments with higher F0 values or in pitch shifts with positive octaves, which is con-

sistent with our hypothesis in Section 7.2.2 that the impact of aliasing becomes more
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Figure 7.6: Results of the preference test for octave shifts of 0, ±0.5 and ±1. Error

bars indicate the 95% confidence intervals.

pronounced at higher F0.

We also conducted a listening preference test on singing voice quality. For each

octave-shift condition, 15 native Japanese non-expert listeners participated indepen-

dently. In each trial, participants were presented with a pair of samples generated

under the same condition but by different models, and were asked to choose the one

with better perceived quality. Each participant evaluated 20 sample pairs per condi-

tion. The results are shown in Fig. 7.6. Despite its much smaller model size and faster

synthesis (as shown in Table 7.5), Wavehax achieved voice quality comparable to or

better than SiFi-GAN in both the no-shift condition and upward octave shifts. Given

the differences observed in high-frequency reproduction, this degradation is likely in-

fluenced by aliasing effects, whereas Wavehax mitigates this issue. On the other hand,

for downward octave shifts, Wavehax performed worse than SiFi-GAN. However, in the
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speech analysis-synthesis experiments with multiple speakers (described in Section 7.4),

Wavehax was able to handle even lower unseen F0 values without exhibiting this issue.

This observation suggests the presence of phenomena similar to those described in the

following section.

7.5.5 Discussion

We found that lowering F0 disrupted the harmonic structure in the complex spec-

trogram output from Wavehax. One hypothesis we considered was that, although no

explicit aliasing occurs in the time-domain waveform (i.e., spectral folding), the com-

plex spectrogram can suffer from image-domain aliasing when processed by 2D CNNs,

potentially contributing to the observed degradation. To test this hypothesis, we con-

ducted preliminary experiments incorporating two types of 2D anti-aliasing techniques

into Wavehax: (1) a 2D extension of the 1D anti-aliasing mechanism used in BigV-

GAN [11], which is conceptually equivalent to the image-domain strategy proposed in

StyleGAN3 [10], and (2) a method inspired by JenGAN [39], which applies random

shift and inverse-shift operations to promote shift invariance in convolutional layers

and indirectly suppress aliasing. However, neither method led to any improvement in

synthesis quality under the low-F0 condition. These results suggest that image-domain

aliasing is unlikely to be the primary cause of the degradation.

To further investigate the possible causes of these artifacts, we analyze the patterns

of the complex spectrograms predicted by Wavehax. As shown in Fig. 7.8, the predicted

magnitude and phase spectrograms from Wavehax differ from the patterns typically

observed in natural speech. This illustrates that the complex spectrogram is an inher-

ently redundant representation, and the model tends to learn structural patterns that

are easier to represent. On the other hand, the learned structural patterns possibly are
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sensitive to the distribution of the training data. The present results imply that this

influence can limit the generalization capability of the model. In particular, at low F0,

where harmonics are densely spaced, inconsistencies in the complex spectrogram can

lead to misaligned harmonic components in the waveform, degrading the naturalness of

the synthesized speech. One possible way to alleviate this limitation is to increase the

diversity and coverage of the training data. Developing more fundamental solutions to

improve robustness under such challenging conditions remains an important direction

for future work.

7.6 Conclusion

This chapter presented Wavehax, an aliasing-free neural vocoder proposed as the

third theme of this dissertation. This work addresses the issue of physical inconsis-

tency that arises between the continuous physical process of speech production and the

discrete computations of neural networks. To analyze the aliasing problem inherent in

time-domain processing, we re-examined the internal mechanisms of neural vocoders

from a signal-processing perspective. By contrasting time- and time-frequency-domain

processing, we theoretically demonstrated why the latter can inherently avoid alias-

ing, and further showed that the combination of 2D CNNs and harmonic spectrograms

plays a crucial role in achieving stable and accurate complex-spectrogram estimation.

Through this design, Wavehax avoids aliasing in latent representations while overcom-

ing the lack of harmonic-generation bias typically seen in time-frequency-domain pro-

cessing. As a result, it achieves a substantial improvement in computational efficiency

while maintaining speech quality comparable to high-fidelity time-domain vocoders.

This study establishes the effectiveness of aliasing-free waveform synthesis and high-

lights a new direction for achieving numerical and structural stability by engineering
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neural networks that emulate continuous-time signal-processing properties.

Nevertheless, several challenges remain. One limitation is that Wavehax tends to

learn data-dependent time-frequency representations owing to the redundancy of the

complex spectrogram, which may cause degraded generalization under low-F0 condi-

tions (as discussed in the second experiment). Moreover, across Chapters 5 to 7, some

unresolved design issues and methodological constraints persist. These remaining chal-

lenges will be comprehensively discussed in Chapter 8.
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Figure 7.7: Log-magnitude spectrograms of the ground truth, SiFi-GAN, SiFi-GAN*,

and Wavehax (left to right). The red boxes highlight regions where the SiFi-GAN out-

puts exhibit degraded harmonic structures, likely caused by aliasing.
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Figure 7.8: Comparison of complex spectrograms. Each row shows a pair of spectro-

grams, with the log-magnitude representation on the left and the corresponding phase

representation on the right. The top row (Ref.) presents the ground-truth spectro-

gram analyzed using the same STFT parameters as the model (FFT/window 20 ms,

frame shift 10 ms). The middle row (Gen.) shows the STFT analysis of the wave-

form obtained by applying iSTFT to the complex spectrogram predicted by Wavehax.

The bottom row (Raw) directly visualizes the complex spectrogram predicted by Wave-

hax, where the real and imaginary components are converted into magnitude and phase

for display. Note that Wavehax outputs complex spectrograms, which are converted

to waveforms via iSTFT; the middle row therefore corresponds to a re-analysis of the

generated waveform.
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8.1 Thesis Summary

This thesis presents a unified framework for the design of neural vocoders that in-

corporate the physical process of speech production. The goal is to construct a neu-

ral vocoder that maintains physical consistency in speech generation while exploiting

the flexible representational power of deep learning. By bridging the conceptual and

methodological gap between signal processing and deep learning, this thesis explores a

new design principle aimed at improving the overall naturalness, controllability, com-

putational efficiency, and compactness of speech synthesis.

Chapter 2 describes the fundamental concepts, representative implementations, and

limitations of source-filter models. Particular attention is given to WORLD [3], a high-

quality vocoder based on signal processing, where the principles of speech analysis and

synthesis, as well as the formulation of parametric representations, are discussed in de-

tail. The advantages of explicit structure and controllability in source-filter models are

clarified, together with the expressive limitations that arise from linear approximations

and simplified model assumptions.

Chapter 3 provides a systematic overview of the technical development of neural

vocoders based on deep generative modeling. The chapter reviews the genealogy of ma-

jor generative model families, including autoregressive models, normalizing flows, and

generative adversarial networks, and clarifies their probabilistic formulations, learn-
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ing objectives, and practical trade-offs. Through this review, it is shown how neural

vocoders have enabled high-quality waveform generation beyond the limitations of

classical signal-processing approaches, while also revealing fundamental challenges for

practical deployment.

Chapter 4 surveys neural vocoder designs that incorporate aspects of the physical

speech production mechanism. The chapter reviews representative approaches based

on harmonic-plus-noise modeling, linear filter integration, F0-driven mechanisms, con-

tinuous–discrete time considerations, and time–frequency domain modeling. These

approaches demonstrate how physically motivated inductive biases can improve the

performance, while also highlighting unresolved issues such as aliasing artifacts, gen-

eralization to unseen conditions, and the coherent integration of physical models with

data-driven learning.

Chapter 5 proposes uSFGAN, a unified source-filter generative adversarial network

that jointly optimizes the source and filter components under an adversarial learning

framework. This approach maintains functional separability derived from source-filter

theory, while achieving simultaneous optimization of both components within a single

neural network. The proposed unified source-filter modeling achieved a high-level bal-

ance between speech quality and F0 controllability, surpassing conventional methods.

Chapter 6 introduces SiFi-GAN, which integrates unified source-filter modeling with

an upsampling architecture. It demonstrates that functional separation based on a

cascade structure derived from source-filter theory remains effective even when the

upsampling process is embedded in the network. By employing low temporal resolution

processing, the proposed model realizes efficient waveform generation that maintains

speech quality while enabling real-time synthesis on a single CPU.

Chapter 7 theoretically analyzes the internal signal processing of neural vocoders and
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investigates the influence of aliasing, an artifact inherent to discrete-time processing, on

speech quality, both theoretically and experimentally. An aliasing-free neural vocoder,

Wavehax, is proposed to fundamentally eliminate aliasing through time-frequency do-

main processing. Furthermore, it is shown that the combination of two-dimensional

convolution and harmonic signal modeling plays a crucial role in achieving high-quality

synthesis. By removing artificial distortions that do not occur in the physical process

of vocal production, the proposed method demonstrates improvements in naturalness,

robustness, and efficiency.

Through these studies, this thesis presents a theoretical framework for neural network

design that integrates the physical principles of speech production into the architecture

itself. Rather than a simple hybridization of signal processing and deep learning, this

work introduces physical consistency as a practical inductive bias in neural vocoder

design. The results demonstrate that alignment with the physical process of sound

generation contributes directly to improved synthesis performance, providing funda-

mental insights for the next generation of neural vocoder design. These findings also

hold potential applicability to neural audio codecs, which have attracted considerable

attention since the emergence of SoundStream [126].

8.2 Future Work

8.2.1 Extending Wavehax with a Learnable Source Model

As a direction for future work, the source generation module of Wavehax could be

extended into a trainable structure. In the current implementation, the excitation pro-

cess in Wavehax is analytically defined, offering simplicity and high stability, but at

the cost of limited expressive power in the source model. To alleviate this limitation,
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it would be effective to introduce a learnable source module and adopt a framework

that allows joint optimization of the source and filter components. Specifically, incor-

porating an integrated source-filter modeling approach, as in uSFGAN, would enable

nonlinear and flexible source modeling. Alternatively, as demonstrated in FIRNet [32],

a trainable linear filter for residual signal generation can be integrated as a front-end

module within Wavehax. Moreover, applying the harmonic-plus-noise decomposition

proven effective in hn-uSFGAN to the source generation stage can further enhance

performance. Through such extensions, making the source module learnable and opti-

mizing it jointly with the filter, Wavehax can be developed into a neural vocoder with

even higher speech quality and controllability.

8.2.2 Exploration of Alternative Pitch Representations

In this study, the F0 was employed as the primary control parameter to represent the

pitch of speech. Each system analytically computed the phase rotation speed of har-

monic components based on F0, thereby generating smooth periodic excitation signals

that served as model inputs. However, this design strongly depends on the accuracy of

F0 estimation, and estimation errors directly affect the quality of synthesized speech.

Moreover, F0-based pitch representation is not well-suited for non-periodic sounds such

as percussive noises or for cases involving missing fundamentals, and it is difficult to

extend to polyphonic signals containing multiple fundamental frequencies. Although,

in principle, multi-F0 modeling or part-wise source separation could handle such cases,

practical applications remain limited due to the lack of reliable analysis models and

training data for polyphonic speech.

From the viewpoint of controllability in speech synthesis, it is also desirable to ma-

nipulate pitch using higher-level, perceptually meaningful features rather than low-level
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physical quantities such as F0. Against this background, introducing alternative pitch

representations independent of F0 is a promising direction. For example, discrete pitch

representations derived from musical scores could enable abstract and musically con-

sistent pitch control.

In practical applications, acoustic features, including F0, are estimated by an acous-

tic model from higher-level representations such as text or musical scores. As a result,

estimation errors in these features are inevitable and can propagate through the syn-

thesis pipeline, leading to perceptual degradation. Importantly, the impact of such

errors on the synthesized speech is affected by the design choices of the acoustic model,

the acoustic feature representation, and the neural vocoder. From a system-level per-

spective, this highlights the importance of exploring pitch representations that improve

robustness and perceptual quality across the entire synthesis pipeline, rather than op-

timizing individual components in isolation.

8.2.3 Analysis Model Considering Speech Production Mech-

anism

Explicit control parameters such as F0 inherently face limitations, making it difficult

to simultaneously achieve both interpretability and expressive power in speech syn-

thesis. Neural vocoders, on the other hand, learn nonlinear mappings from acoustic

features to waveforms in a data-driven manner, capturing high-order dependencies and

contextual variations beyond the capability of signal-processing-based models. How-

ever, such flexibility often results in overfitting to statistical dependencies in the train-

ing data, causing latent representations to be tightly bound to the data distribution.

As observed in the experiments of Appendix 1, conflicts between latent F0 informa-

tion implicitly contained in mel-spectrograms and explicitly provided F0 sequences can
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degrade synthesis quality, revealing ambiguity in the underlying representation.

Traditional signal processing-based approaches extract parametric features such as

F0 and spectral envelopes via hand-designed algorithms, enabling explicit source-filter

separation and high controllability. Nevertheless, these methods rely on assumptions

of linearity and stationarity, which prevent them from accurately modeling the com-

plex, nonlinear generative mechanisms of human speech. Moreover, F0 and spectral

envelopes are highly correlated, and independent manipulation often results in no-

ticeable quality degradation. Additionally, when the underlying signal violates the

assumptions of the analysis model, estimation errors increase significantly, and robust-

ness under noisy or real-world conditions remains limited.

To overcome these limitations, a data-driven analysis framework that reflects the

physical generation principles of speech is required. One promising direction is the

joint optimization of an encoder (analyzer) and a decoder (synthesizer), where the

decoder, designed based on the physical production process, is given as a known struc-

ture, and the encoder learns latent representations consistent with it. Recent studies

such as NANSY++ [127] and NaturalSpeech3 [128] represent early examples of this

approach, aiming to learn disentangled representations of linguistic content, prosody,

and timbre through self-supervised learning. However, the disentanglement in Natural-

Speech3 relies on information bottlenecks and supervised F0 extractors, and thus does

not achieve truly data-driven analysis. Similarly, although NANSY++ learns latent

representations via self-supervision, its decoder does not explicitly reflect the phys-

ical generative principles of speech, resulting in ambiguous correspondence between

latent variables and physical factors, and unstable behavior in pitch control or timbre

conversion.

As a future direction, a cooperative learning framework that aligns the encoder and



8.2. Future Work 197

decoder with the physical speech production process is highly promising. Specifically,

by fixing a decoder with an explicit physical structure and guiding the encoder to

learn latent representations consistent with that structure, it is expected that the

resulting latent space will preserve physical interpretability while retaining sufficient

expressive capacity. This approach could yield higher-order separation of generative

factors such as source and filter characteristics, providing a physically grounded and

robust representation framework for neural vocoders.

8.2.4 Quantitative Evaluation of Extrapolated Speech

In this study, the effectiveness of pitch control was evaluated by testing F0 extrapo-

lation beyond the natural pitch range of each speaker, that is, by transforming the F0

toward higher or lower values outside the training data distribution. This evaluation

is important for verifying whether the model can maintain functional independence

between the source and filter, and thus generalize to unseen pitch conditions while

preserving the physical correspondence of the generative process. However, since such

extrapolated generation often produces physically unrealistic speech, there are cases

in which the generated sound is perceived as natural even though it is not physically

plausible, raising questions about the validity of subjective evaluation. In this study,

perceptual listening tests were used as the primary evaluation method, but relying

solely on subjective judgments has limitations, as it cannot quantify physical consis-

tency or statistical validity.

Therefore, there is a need to establish new quantitative measures for evaluating

the naturalness of extrapolated speech in probabilistic and statistical terms. Specifi-

cally, probabilistic generative models such as autoregressive models, normalizing flows,

and GAN discriminators can be employed to compute the likelihood or distributional
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consistency of the generated signals. Such probabilistic metrics could complement sub-

jective assessments and provide an objective basis for evaluating extrapolated or out-

of-distribution speech generation. In particular, large-scale generative models trained

on diverse audio signals, rather than being restricted to speech alone, are encouraged

to internalize statistical constraints that are common to real-world sound generation,

instead of relying on surface-level features specific to individual tasks. As a result,

even without explicitly incorporating physical models, such models may implicitly re-

flect distributional structures that are consistent with the physical processes underlying

sound generation.
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9 Appendix

9.1 Investigation of Input Acoustic Features

To further investigate the impact of different conditional acoustic features, we eval-

uated several models with different types of conditioning features with the same model

architecture. In our proposed methods used in the experimental evaluations (Sec-

tion 5.3), we chose the set of MGC, MAP as the best combination for the auxiliary

features whose total number of dimensions is 62. Here, we compare P-uSFGAN with

the following three models with different auxiliary features.

• MEL: This model adopts a full-band 80-dimensional log mel-spectrogram calculated

in the setting described in Section 5.3.2 instead of the vocoder features.

• AuxF0: This model includes one-dimensional continuous F0 in the default set of the

auxiliary feature. The total number of dimensions of the auxiliary feature is 63.

• BAP: This model adopts the three-dimensional band-aperiodicity extracted us-

ing WORLD instead of the 21-dimensional MAP. Coding is performed by one-

dimensional interpolation on the frequency axis, which compresses the half-FFT

size to three. The total number of dimensions of the auxiliary feature is 44.

All the ablation models were trained in the same setting as that in the P-uSFGAN

model, except for their auxiliary features. Note that all subnetworks (i.e., harmonic
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Figure 9.1: Objective evaluation results of F0 transformation for the ablation study on

auxiliary features.

network, noise network, filter network, and periodicity estimator) are conditioned using

the same auxiliary features.

The objective evaluation results are shown in Fig. 9.1. The WORLD results are

provided as references. We found that differences between the models become apparent

when F0 is significantly high, so the study was conducted with F0 increased by a

factor of five. First, we can see that the MEL model degrades even with a small F0

change. Since the mel-spectrogram already contains the F0 information, we speculate

that it is difficult for the model to manipulate F0 by merely changing the sinusoidal

inputs. The AuxF0 model shows significant degradation with F0 increased by a factor

of two or more in its VUV error rate, which is more critical for sound quality than the

RMSE of log F0. We confirmed that the generated speech is hardly voiced, resulting

in significant degradation. We assume that this tendency is because the inductive bias

for speech production provided by the source-filter modeling is not obtained owing

to the leakage of F0 information to the filter network. The total degradation in the

MEL model can be considered to have the same cause. From these experiences, we

concluded that disentanglement of the input acoustic features and the restriction of

F0 information leakage to the filter network is essential to gaining the benefit from

source-filter modeling. The BAP model, which gives periodicity information with fewer
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dimensions, shows minimal degradation in both VUV error rate and RMSE of log F0.

We assume that the degradation is because the neural network can ignore a lower-

dimensional input feature (i.e., BAP) when the network can reconstruct the target

waveform from the other input features in training. Moreover, this result suggests the

importance of information about periodicity in neural vocoders based on periodic and

aperiodic component decomposition.

9.2 Harmonic Decomposition of Sine Powers

We prove that for any non-negative integer n, sinn(θ) can be expressed as a linear

combination of sine and cosine terms, involving harmonics up to and including the n-th

harmonic. Specifically, we prove the following proposition by mathematical induction:

sinn(θ) =
n∑

m=0

{
am sin(mθ) + bm cos(mθ)

}
(9.1)

where am and bm are coefficients dependent on n.

1) For n = 0, the proposition holds because

sin0(θ) = 1 = cos(0 θ). (9.2)

2) Assuming Eq. (9.1) holds for n = k (k ≥ 0), we prove the case for n = k + 1 as
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follows.

sink+1(θ) = sin(θ)
k∑

m=0

{
amsin(mθ) + bmcos(mθ)

}
=

k∑
m=0

{
amsin(mθ) sin(θ) + bmcos(mθ) sin(θ)

}
=

k∑
m=0

{am
2

(
cos((m− 1)θ)− cos((m+ 1)θ)

)
+
bm
2

(
sin((m+ 1)θ)− sin((m− 1)θ)

)}
=

k+1∑
m=0

{
a′msin(mθ) + b′mcos(mθ),

}
(9.3)

where a′m and b′m are the updated coefficients derived from am and bm. The transforma-

tion between the second and third lines is achieved using the following product-to-sum

identities:

sin(mθ) sin(θ) =
cos((m− 1)θ)− cos((m+ 1)θ)

2
(9.4)

cos(mθ) sin(θ) =
sin((m+ 1)θ)− sin((m− 1)θ)

2
. (9.5)

Consequently, from steps 1) and 2), the proposition of Eq. (9.1) has been proved.

9.3 Aliasing-Free Harmonic Signal Generation

Pulse trains are widely used as excitation signals in vocoders [2,3,30], and are a nat-

ural candidate for the harmonic prior. However, pulse trains, constructed via pointwise

sampling from continuous-time signals, inherently involve aliasing. To avoid aliasing,
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we adopt a superposition of band-limited sinusoidal signals as [30]. We extend this

approach by modulating each harmonic’s amplitude to maintain constant signal power

independent of F0 as [2, 3]. This helps the network focus on relevant features without

being affected by power variations, enhancing its generalizability to unseen F0. The

harmonic signal is defined as follows:

h[n] =
Kn∑
k=1

gk[n] sin(2πkϕ[n] + φk) (9.6)

=
Kn∑

k=−Kn

gk[n]

2
exp(jφk) exp(j2πkϕ[n]), (9.7)

where gk[n] is the amplitude of the k-th harmonic component at time step n, and φk

is the initial phase of the k-th harmonic component. f [n] and ϕ[n] are ones defined

in Section 7.3.1. The number of harmonic components Kn is determined by dividing

the maximum frequency Fmax by f [n], i.e., Kn = ⌊Fmax/f [n]⌋. Fmax sets the upper

harmonic frequency limit, balancing frequency coverage and computational cost. We

set Fmax to the Nyquist frequency FN. Signal power can be controlled by modulating

gk[n] based on Parseval’s identity:

1

L

Kn∑
k=−Kn

(
gk[n]

2

)2

=

n+L/2∑
m=n−L/2

e[m]2, (9.8)

where L is the window length. Since we assume constant power C2 for each time frame,

the identity becomes:

1

L2

Kn∑
k=−Kn

(
gk[n]

2

)2

=
1

L

n+L/2∑
m=n−L/2

e[m]2 = C2, (9.9)
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While alternative spectral envelopes, such as linear decay, can be considered, this

paper assumes a flat spectral envelope across each time frame (i.e., gk[n] = gk+1[n] for

all k ≤ Kn − 1), yielding:

Kn∑
k=−Kn

(
gk[n]

2

)2

= 2Kn

(
gk[n]

2

)2

= L2C2. (9.10)

gk[n] =


LC
√

2/Kn if f [n] ̸= 0

0 otherwise

(9.11)

where LC is set to 0.1 in this study. Additionally, we observed better performance

when using linear phases for φk compared to zero or random phases. Linear initial

phases are defined as:

φk = kφ, (9.12)

where φ ∼ U(−π, π). The harmonic signal h is derived by substituting Eq. (9.11) and

Eq. (9.12) into Eq. (9.6). Finally, the sum of e and small Gaussian noise n ∼ N (0, σI),

where σ = 0.01, is fed into the neural vocoders.
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