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Abstract

Second-language learners often exhibit accents and mispronunciations, which can significantly affect

their communication proficiency. Accents and pronunciation difficulties can create language barriers

between speakers. This challenge motivated our research on "Accent Conversion and Pronunciation

Improvement," which aims to make non-native speech sound more native, enhance intelligibility while

preserving the original content, emotion and speaker identity. The scope of this thesis focuses specifically

on accent conversion for English, and mostly converting from non-native accent to American(native)

accent. Our approach focus mainly on various English accents, the approach is generally applicable to

any pair of accented or non-accented speech. To date, we have published five research papers and two

patents on this topic, each tackling different challenges in accent conversion step by step.

The one of most challenge of Accent Conversion is lacking ground truth data. There has not been a

parallel corpus that contains pairs of audios having the same contents yet coming from the same speakers

in different accents. In my first work, we provide a solution to create these parallel data. The approach

involves synthesizing training data using a voice conversion model that retains pronunciation patterns

and prosody while altering speaker identity.

In the second work, we have a motivation that create the TTS which can synthesize audio from tran-

scripts with any voices and many accents without demanding a lot of accented training resources. We

proposed SYNTACC, the adapts conventional multi-speaker text-to-speech (TTS) models to synthe-

size speech in multiple accents. The method factorizes model weights into a shared component and

an accent-dependent component, which reduces the number of training parameters needed per accent.

This approach enables high-quality multi-accent speech synthesis in low-resource training conditions.

The evaluation on Indian, Spanish, Chinese, and Vietnamese accents demonstrates that SYNTACC ef-

fectively generates accented speech while preserving speaker identity.

After the first two works, we gained the ability to generate a larger amount of accented speech data. With

this increased data availability, we can explore training a more advanced and robust model for this task.

In the third research, we approach accent conversion in a way similar to speech-to-speech translation,

treating each accent as a distinct language and converting between accents in the same manner as trans-

lating between languages. To bridge the acoustic variability between accents and enable language-like

modeling, we introduce discrete speech units as an intermediate representation. These units are obtained

by quantizing hidden representations from neural network model, capturing high-level linguistic content



while abstracting away speaker. By using discrete units, we can apply the state-of-the-art speech-to-

speech translation model for solving the accent conversion model. The approach significantly improves

non-native fluency and convert accent while preserving speaker identity. The evaluation shows that this

method outperforms previous AC approaches in fluency and naturalness.

In the first three works, our approaches basically builds the mapping function from one accent to another

accent. In fourth work, we come up with different approach: disentangle-resynthesis, which can lever-

age non-parallel data by decomposing speech into components like speaker identity, content, prosody,

and accent, which are then recombined for synthesis. We assume TTS system trained solely on native

speech will produce accent-independent linguistic representations. By generating high-quality ground-

truth audio, native TTS ensures correct pronunciation, consistent speaker identity, aligned duration, and

synchronized prosody with the original non-native speech. Additionally, this native TTS system is able

to generate ideal ground-truth data for non-native speakers, ensuring native pronunciation, same speaker

identity, duration, prosody, and precise alignment with the original non-native audio. Their AC model

leverages TTS text representations to learn accent-independent features and uses synthetic ground-truth

to learn the mapping function from non-native accent speech to native-like speech. This approach out-

performs previous methods in term of preserving speaker identity, prosody (emotion) and duration.

Although the model in the fourth research achieves fast inference due to its non-autoregressive archi-

tecture, it still requires the entire input for prediction, making it unsuitable for streaming applications.

Recognizing the previous research as one of the best for accent conversion, in the fifth work, we focus

on essential architectural and training modifications to develop a streaming-capable AC model while

maintaining the performance of its non-streaming counterpart.

In this thesis, we address the challenge of ground-truth data in accent conversion by developing solutions

for generating high-quality training corpora. Furthermore, we categorize accent conversion approaches

into two main paradigms: (1) mapping-based models that learn a direct transformation between accents,

and (2) the disentangle-resynthesis framework, which decomposes speech into multiple components such

as content, accent, and speaker identity, enabling controlled modification and synthesis. Additionally, we

propose a streaming accent conversion model, making streaming applications feasible. Our contributions

advance the field by improving data availability, enhancing model performance, and enabling more nat-

ural and practical accent conversion.



Zusammenfassung

Zweitsprachlerner weisen häufig Akzente und Aussprachefehler auf, die ihre Kommunikationsfähigkeit

erheblich beeinträchtigen können. Diese Herausforderungen motivierten unsere Forschung zur „Akzent-

konvertierung und Ausspracheverbesserung“, mit dem Ziel, nicht-native Sprache nativer klingen zu las-

sen, die Verständlichkeit zu erhöhen und dabei Inhalt, Emotion und Sprecheridentität zu bewahren. Der

Fokus dieser Dissertation liegt speziell auf der Akzentkonvertierung für Englisch, insbesondere der Um-

wandlung von nicht-nativen Akzenten in den amerikanischen (nativen) Akzent. Obwohl unser Ansatz

hauptsächlich auf verschiedene englische Akzente abzielt, ist er grundsätzlich auf jedes Paar von akzent-

behafteter oder akzentfreier Sprache anwendbar. Bis heute haben wir fünf Forschungsarbeiten und zwei

Patente zu diesem Thema veröffentlicht, die jeweils unterschiedliche Herausforderungen der Akzentkon-

vertierung schrittweise angehen.

Eine der größten Herausforderungen bei der Akzentkonvertierung ist das Fehlen von Ground-Truth-

Daten. Es existiert kein paralleles Korpus, das Paare von Audiodateien mit identischem Inhalt, aber

unterschiedlichen Akzenten desselben Sprechers enthält. In unserer ersten Arbeit präsentieren wir eine

Lösung zur Erstellung solcher paralleler Daten. Der Ansatz beinhaltet die Synthese von Trainingsdaten

mithilfe eines Voice-Conversion-Modells, das Aussprachemuster und Prosodie beibehält, während die

Sprecheridentität verändert wird.

In der zweiten Arbeit verfolgen wir das Ziel, ein Text-to-Speech-System (TTS) zu entwickeln, das Au-

diodaten aus Transkripten mit verschiedenen Stimmen und Akzenten erzeugen kann, ohne umfangrei-

che akzentbezogene Trainingsressourcen zu benötigen. Wir schlagen SYNTACC vor, das konventionelle

Multi-Sprecher-TTS-Modelle anpasst, um Sprache in mehreren Akzenten zu synthetisieren. Die Metho-

de faktorisiert Modellgewichte in eine gemeinsame Komponente und eine akzentabhängige Komponente,

wodurch die Anzahl der pro Akzent benötigten Trainingsparameter reduziert wird. Dieser Ansatz ermög-

licht hochwertige Multi-Akzent-Sprachsynthese unter Bedingungen mit begrenzten Trainingsressourcen.

Die Bewertung für indische, spanische, chinesische und vietnamesische Akzente zeigt, dass SYNTACC

effektiv akzentbehaftete Sprache generiert und dabei die Sprecheridentität bewahrt.

Nach den ersten beiden Arbeiten konnten wir eine größere Menge an akzentbehafteten Sprachdaten gene-

rieren. Mit dieser erhöhten Datenverfügbarkeit können wir ein fortschrittlicheres und robusteres Modell

für diese Aufgabe trainieren. In der dritten Forschung behandeln wir die Akzentkonvertierung ähnlich

wie die Sprach-zu-Sprach-Übersetzung, wobei jeder Akzent als eigene Sprache betrachtet wird. Um die



akustische Variabilität zwischen Akzenten zu überbrücken und eine sprachähnliche Modellierung zu er-

möglichen, führen wir diskrete Spracheinheiten als Zwischenrepräsentation ein. Diese Einheiten werden

durch Quantisierung von versteckten Repräsentationen eines neuronalen Netzwerks gewonnen und erfas-

sen hochrangige linguistische Inhalte, während sie sprecherspezifische Details abstrahieren. Durch die

Verwendung diskreter Einheiten können wir ein hochmodernes Sprach-zu-Sprach-Übersetzungsmodell

auf die Akzentkonvertierung anwenden. Dieser Ansatz verbessert die Flüssigkeit nicht-nativer Sprache

erheblich und konvertiert Akzente, während die Sprecheridentität erhalten bleibt. Die Evaluation zeigt,

dass diese Methode frühere Ansätze in Bezug auf Flüssigkeit und Natürlichkeit übertrifft.

In den ersten drei Arbeiten bauen unsere Ansätze im Wesentlichen eine Abbildungsfunktion von einem

Akzent zu einem anderen auf. In der vierten Arbeit verfolgen wir einen anderen Ansatz: Disentangle-

Resynthese, der nicht-parallele Daten nutzt, indem er Sprache in Komponenten wie Sprecheridentität,

Inhalt, Prosodie und Akzent zerlegt, die dann für die Synthese wieder kombiniert werden. Wir nehmen

an, dass ein TTS-System, das ausschließlich auf nativer Sprache trainiert wurde, akzentunabhängige

linguistische Repräsentationen erzeugt. Durch die Generierung hochwertiger Ground-Truth-Audiodaten

stellt das native TTS-System korrekte Aussprache, konsistente Sprecheridentität, abgestimmte Dauer

und synchronisierte Prosodie mit der ursprünglichen nicht-nativen Sprache sicher. Zusätzlich kann dieses

native TTS-System ideale Ground-Truth-Daten für nicht-native Sprecher erzeugen, die native Ausspra-

che, gleiche Sprecheridentität, Dauer, Prosodie und präzise Ausrichtung mit dem ursprünglichen nicht-

nativen Audio gewährleisten. Unser AC-Modell nutzt TTS-Textrepräsentationen, um akzentunabhängige

Merkmale zu lernen, und verwendet synthetische Ground-Truth-Daten, um die Abbildungsfunktion von

nicht-nativer akzentbehafteter Sprache zu nativer Sprache zu erlernen. Dieser Ansatz übertrifft frühere

Methoden hinsichtlich der Erhaltung der Sprecheridentität, Prosodie (Emotion) und Dauer.

Obwohl das Modell in der vierten Forschung aufgrund seiner nicht-autoregressiven Architektur eine

schnelle Inferenz ermöglicht, erfordert es dennoch die gesamte Eingabe für die Vorhersage, was es für

Streaming-Anwendungen ungeeignet macht. Da die vorherige Forschung als eine der besten für die Ak-

zentkonvertierung anerkannt ist, konzentrieren wir uns in der fünften Arbeit auf wesentliche architekto-

nische und trainingsbezogene Modifikationen, um ein Streaming-fähiges AC-Modell zu entwickeln, das

die Leistung seines nicht-Streaming-Gegenstücks beibehält.

In dieser Dissertation adressieren wir die Herausforderung fehlender Ground-Truth-Daten in der Akzent-

konvertierung, indem wir Lösungen zur Generierung hochwertiger Trainingskorpora entwickeln. Dar-

über hinaus kategorisieren wir Akzentkonvertierungsansätze in zwei Hauptparadigmen: (1) Mapping-

basierte Modelle, die eine direkte Transformation zwischen Akzenten erlernen, und (2) das Disentangle-

Resynthese-Framework, das Sprache in mehrere Komponenten wie Inhalt, Akzent und Sprecheriden-

tität zerlegt und eine kontrollierte Modifikation und Synthese ermöglicht. Zusätzlich schlagen wir ein

Streaming-fähiges Akzentkonvertierungsmodell vor, das Streaming-Anwendungen ermöglicht. Unsere



Beiträge fördern das Feld, indem sie die Datenverfügbarkeit verbessern, die Modellleistung steigern und

eine natürlichere und praktischere Akzentkonvertierung ermöglichen.
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1. Introduction

1.1. What is accent

An accent refers to the unique way in which individuals or groups pronounce words, which often reflects

their geographic, cultural, or social background. It encompasses variations in phonetic elements such

as intonation, rhythm, stress, and the articulation of sounds. Accents are not only linked to the native

language of a speaker, they can also develop as a result of learning a second language, with speakers

carrying over phonological features from their first language.

Accents do not affect the grammatical structure of a language but influence how words and sounds are

pronounced. These variations are a natural consequence of human language diversity, and, although they

are often tied to national or regional identities, other factors such as age, socioeconomic status, and social

group affiliations can also shape an individual’s accent.

1.2. Applications of accent conversion

Second-language learners often exhibit accents and mispronunciations, which can significantly affect

their communication proficiency. The accent not only associates with the second-language learner, but

also present in native speaker, such as British accent, Indian accent, Philippino accent, etc. In general,

accent and pronunciation challenges can create language barriers between speakers from diverse regions.

This challenge motivated our research on this thesis.

One key motivation for accent conversion is to improve speech intelligibility in scenarios where a strong

regional or foreign accent may hinder comprehension. For example, in customer service or call center

interactions, accent conversion technology can enhance communication clarity, ensuring that non-native

speakers are better understood by native listeners. This has practical applications in multinational com-

panies, healthcare, education, and more.

The ability to convert or modify accents has significant implications in various domains of speech tech-

nology, language learning, and global communication Waibel et al. (2023); Nguyen and Waibel (2025).

As the world becomes more interconnected, spoken language barriers remain a challenge, and accents

can sometimes act as a source of misunderstanding or bias. Accent conversion seeks to bridge this gap

by enabling better communication between different linguistic and cultural backgrounds.
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In the realm of language learning, accent conversion serves as a tool for learners to acquire more native-

like pronunciation. By hearing and practicing with accent-adapted speech models, learners can fine-tune

their phonetic and prosodic elements more effectively. This contributes to better oral proficiency and the

development of communication skills in a second language.

As accent conversion continues to evolve, the goal is not only to modify speech but also to maintain the

speaker’s voice identity while changing the accent. This balance between maintaining individuality and

changing accent is central to the motivation behind developing accent conversion models, particularly in

the context of creating inclusive and accessible speech technologies.

1.3. Challenges of Accent Conversion Models

Accent conversion models face several challenges related to both acoustic and linguistic aspects, as well

as the availability of ground-truth data.

Acoustic Challenge

The primary acoustic challenge lies in modifying non-native speech to sound more like native speech

while preserving the speaker’s identity and emotional expression. This requires precise control over

prosodic features such as pitch, rhythm, and intonation, as well as spectral characteristics like timbre.

Striking a balance between accent modification and the preservation of speaker-specific traits is a com-

plex task, as overly aggressive modifications can result in unnatural-sounding speech or the loss of the

original speaker’s identity.

Linguistic Challenge

On the linguistic front, the focus is on enhancing the intelligibility of non-native speech, ensuring that it

is clearer and easier to understand. This involves addressing pronunciation errors, improving phoneme

articulation, and adapting speech patterns to align with native norms. Achieving this without altering

the semantic content of the speech is a significant challenge, as linguistic modifications must be context-

aware and linguistically accurate.

Ground-Truth Challenge

One of the most significant challenges in accent conversion is the lack of ground-truth data. Currently,

there is no parallel corpus that contains pairs of audio recordings with the same linguistic content spoken

by the same speaker in different accents. This absence of high-quality, aligned training data makes it

difficult to train models effectively, as they require precise supervision to learn the subtle differences

between accents. As a result, researchers often rely on non-parallel data or synthetic datasets, which can

introduce additional complexities and limitations.



Addressing these challenges requires innovative approaches in model design, data augmentation, and

evaluation methodologies, which will be discussed in detail in the subsequent chapters.

1.4. Contributions

The main contribution of this thesis is a systematic approach and the necessary techniques to construct

and evaluate some of the very first accent conversion models. We address the accent conversion’s chal-

lenges through innovative methodologies, detailed evaluation strategies, and practical applications.

Key Contributions

1. Systematic Frameworks for Accent Conversion: We categorize accent conversion approaches into

two main paradigms:

- Direct-Mapping Framework: This approach learns a direct transformation between accents, en-

abling efficient and straightforward conversion.

- Disentangle-Resynthesis Framework: This paradigm decomposes speech into multiple com-

ponents, such as content, accent, and speaker identity, allowing for controlled modification and

synthesis.

2. Addressing the Ground-Truth Challenge: One of the most significant challenges in accent conver-

sion is the lack of ground-truth data. To overcome this, we develop solutions to generate high-quality

training corpora, enabling the training of robust and accurate models. Our work in this area has resulted

in five published papers and two filed patents, each exploring different data augmentation strategies and

model architectures.

3. Streaming Accent Conversion: We propose a streaming accent conversion model, making real-time

applications feasible. This innovation addresses the challenges of low-latency processing and seamless

integration into applications such as virtual conferences and meetings.

Significance

The contributions of this thesis advance the field of accent conversion by providing a comprehensive

framework for model development, addressing critical challenges such as ground-truth data scarcity, and

enabling real-time applications. Our work not only improves the state-of-the-art in accent conversion

but also opens new avenues for research and practical deployment in diverse domains. The works in the

thesis are published in InterSpeech and ICASSP conferences Nguyen et al. (2022, 2023, 2024, 2025)



1.5. Thesis organization

In the next chapter (Chapter 2), we focus on reviewing the background and state-of-the-art literature

relevant to the thesis topic. The first part (Section 2.1) of this chapter covers speech processing, including

feature extraction techniques that are fundamental for various speech-related tasks. These techniques

play a crucial role in speech recognition, synthesis, and accent conversion.

After reviewing some speech processing background, we explore the literature on relevant problems,

including text-to-speech (TTS) synthesis, voice conversion, speech recognition (Section 2.2). State-of-

the-art TTS systems generate natural-sounding speech from text with various reference voices. Voice

conversion focuses on modifying speaker identity while preserving linguistic content, which shares sim-

ilarities with accent conversion. We not only inherit some state-of-the-art (SOTA) architectures from

TTS and voice conversion but also use these models for augmenting additional training data for accent

conversion.

Linguistic challenges are a crucial aspect of accent conversion; therefore, understanding spoken language

is essential (Section 2.3). Automatic Speech (ASR) recognition models enable machines to transcribe

spoken language into text, serving as a fundamental component for evaluating pronunciation improve-

ments in accent conversion. Additionally, in this thesis, ASR helps the AC model comprehend speech

content and extract content representation.

Next, we present self-supervised speech representation learning, which have achieved state-of-the-art

results across many speech processing tasks (Section 2.4). These methods, such as Wav2Vec 2.0 Baevski

et al. (2020a), HuBERT Hsu et al. (2021a), and WavLM Chen et al. (2022), enable models to learn pow-

erful and generalizable speech representations from large amounts of unlabeled audio. By capturing both

acoustic and linguistic information, self-supervised models greatly benefit tasks like automatic speech

recognition, speech translation, voice conversion, and accent conversion . We include self-supervised

speech representation in the Background section, because it forms a fundamental building block for

many techniques used throughout this thesis. Understanding how self-supervised methods improve fea-

ture extraction, weight initialization, robustness to noise, and cross-task transferability is essential for

following the design choices made later.

Voice Conversion (VC) is closely related to accent conversion. Specifically, VC models provide tech-

niques for disentangling speaker identity from linguistic content, a property that is crucial for accent

conversion tasks. In this thesis, voice conversion is not only employed as a data augmentation strategy,

but also leveraged as a backbone for developing accent conversion models. In Section 2.5, we review

crucial research works in voice conversion that have inspired and formed the development of the methods

proposed in this thesis.



Lastly, in Section 2.6, we present a literature review on accent conversion (AC), beginning with a discus-

sion of how it differs from voice conversion (VC), which, despite their similarities, differ in their problem

definitions, challenges, and target objectives. These differences necessitate distinct modeling strategies

and evaluation methods. Following this, we review notable previous works in the field of accent con-

version and discuss the methodologies commonly used to evaluate the performance of such systems.

Finally, we describe the datasets and evaluation framework employed in this thesis. These resources

provide a basis for training, testing, and comparing AC models, ensuring that our proposed methods are

thoroughly validated across both objective and subjective performance metrics.

In our very first works (Chapter 3), we approach the accent conversion problem as aiming to build a

direct mapping function from one accent to another. However, obtaining training parallel data, which

has utterances from the same speakers in different accents is challenging due to its scarcity. To address

this, we explore data augmentation techniques such as using voice conversion to generate high-quality

ground-truth audio for non-native speakers. In the chapter 4, we develop SYNTACC - Synthesizing

Multi-Accent Speech by Weight Factorization- a system that enables controllable accented text-to-speech

synthesis with minimal dependence on accented speech data. In the chapter 5, by leveraging this capabil-

ity to generate extensive parallel training data and considering the accent conversion as speech-to-speech

translation, we train a state-of-the-art speech-to-speech model that serves as a mapping function to con-

vert speech from many source accents to a target accent.

In the chapter 6, we approach the accent conversion as a disentangle-resynthesis framework, which lever-

ages non-parallel data, making it more flexible and widely applicable. This method decomposes speech

into separate components—such as speaker identity, content, prosody, and accent—which are then re-

combined to synthesize the output waveform. Content features are often represented by bottleneck fea-

tures (BNFs), extracted from self-supervised models , ASR bottlenecks , or ASR logits . However, BNFs

inherently capture accent-related features and pronunciation errors. Therefore, in this work, we focus on

disentangling accent-related features and improving pronunciation in the content representation. Finally,

in Chapter 7, we make modifications to our disentangle-resynthesis model with the goal of adapting

them for streaming purpose. In Chapter8, we present a comprehensive comparison and evaluation of the

proposed accent conversion approaches in real-world scenarios. Specifically, we analyze their ability to

generalize to out-of-domain accents that are unseen during training and investigate their scalability as

the amount of training data increases. These evaluations provide deeper insights into the robustness and

practical applicability of the different modeling paradigms. Finally, Chapter 9 concludes this dissertation

work and discusses possible future research directions.





2. BackGround

2.1. Speech Processing

Speech processing plays a crucial role in both speech synthesis and accent conversion by enabling more

natural, intelligible, and controllable speech generation. In speech synthesis, instead of directly synthe-

sizinh waveforms, modern systems can generate intermediate audio features, such as mel-spectrograms

or linguistic embeddings, which are then converted back to waveforms using a vocoder. This two-step

approach offers several advantages: it simplifies modeling by reducing the complexity of waveform

generation, improves generalization across different speakers and accents, and allows for more flexible

transformations, such as modifying prosody, pronunciation, and speaker characteristics.

One key reason for using audio features in training is that directly optimizing a loss function between

two waveforms is highly sensitive and ineffective. Waveforms are high-dimensional and oscillate rapidly,

meaning that even small misalignments can lead to large numerical differences in loss calculations, de-

spite perceptually similar sounds. This issue, known as the high sensitivity of time-domain loss functions,

makes it difficult to train models that generate high-quality speech. By working with intermediate audio

features, such as spectrograms, the loss function operates on a more structured and perceptually mean-

ingful representation, reducing sensitivity to phase shifts and fine temporal misalignments. The vocoder

then reconstructs the waveform in a way that preserves the naturalness and consistency of speech.

In addition to spectral features like Mel-spectrograms, modern speech processing systems often extract

prosodic and speaker-related attributes—most notably, pitch (fundamental frequency) and speaker

embeddings—to further enhance controllability and naturalness.

Pitch extraction plays a crucial role in capturing the intonation and rhythm of speech, which are key

components of prosody. Accurate modeling of pitch allows systems to generate speech that sounds ex-

pressive and emotionally appropriate. In accent conversion, pitch is particularly important for matching

the intonational patterns of the target accent, which can differ significantly from those of the source

accent. For example, tonal languages or stress-timed languages may impose different pitch dynamics

on speech, and being able to capture and adapt these variations is essential for natural-sounding accent

conversion.

Speaker embeddings encode unique speaker characteristics such as vocal timbre and pitch range. This

disentanglement of speaker identity from content and prosody enables multi-speaker synthesis, voice

conversion, and speaker-preserving accent conversion.
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2.1.1. Mel-spectrogram

In this section, we describe the Mel-spectrogram, a widely used time-frequency feature of speech signals.

Mel-spectrograms play a crucial role in various speech processing tasks, including speech synthesis and

recognition, by transforming raw audio into a format that captures both spectral and temporal dynamics

aligned with human auditory perception.

Motivation and Mel Scale

Unlike traditional spectrograms that use a linear frequency scale, Mel-spectrograms apply the Mel scale

Wikipedia (2025a), which compresses higher frequencies and expands lower ones. This mimics how

human ears perceive sound, being more sensitive to pitch differences at lower frequencies.

The mapping from a frequency f in Hz to its Mel-scale counterpart m( f ) is given by:

m( f ) = 2595log10

(
1+

f
700

)
(2.1)

This non-linear transformation allows the model to focus on the regions most important for speech un-

derstanding and perception, especially relevant in tasks like speech modeling.

Computing the Mel-Spectrogram

The Mel-spectrogram is computed through the following pipeline:

1. Short-Time Fourier Transform (STFT): The input audio signal is divided into overlapping short

frames, and the Fourier transform is applied to each frame to obtain the frequency content. This

results in the time-frequency representation known as a spectrogram Wikipedia (2025c)

2. Mapping to Mel Scale: While the Mel scale defines how humans perceive pitch, the practical

transformation from the linear spectrogram to a Mel-spectrogram is done using a set of triangular

filters known as a Mel filterbank. These filters are linearly spaced on the Mel scale and are applied

to the power spectrum obtained from the STFT. Each filter aggregates energy from a specific range

of frequencies and contributes to one Mel-frequency bin. This operation emphasizes perceptually

meaningful frequency regions and compresses irrelevant detail, especially in higher frequencies.

3. Logarithmic Compression: The magnitude of each Mel bin is compressed using a logarithmic

function to match human loudness perception, yielding the final Mel-spectrogram M(m, t).

Mathematically, the transformation is expressed as:

M(m, t) = log

(
∑

f
H(m, f )|X( f , t)|2

)
(2.2)

where H(m, f ) is the Mel filter bank, and |X( f , t)|2 is the power of the STFT.



Figure 2.1.: Visualization of Mel filter banks applied to a linear spectrogram. Each triangular filter corresponds to
one Mel-frequency bin.

Visualization and Interpretation

Figure 2.2.: Illustration of a waveform (top), a linear-frequency spectrogram (middle), and a Mel-spectrogram
(bottom). The Mel-spectrogram emphasizes perceptually important frequency bands.

The Mel-spectrogram is commonly visualized as a 2D heatmap where:



- The x-axis represents time,

- The y-axis corresponds to Mel-scaled frequency bins,

- The color intensity indicates the log-scaled magnitude of each bin.

This representation provides intuitive insights into the temporal and spectral patterns of speech, such as

phonetic content, intonation, and rhythm.

Summary

In summary, the Mel-spectrogram is a perceptually motivated and computationally efficient representa-

tion that bridges raw waveform data and high-level speech features. Its compact and informative structure

makes it an indispensable tool for training models in speech modeling, allowing for high-fidelity audio

synthesis.

2.1.2. Pitch extraction

Controlling pitch is essential in speech synthesis to achieve natural-sounding prosody, as variations in

pitch contribute to expressiveness, emphasis, and speaker characteristics. Pitch extraction Wikipedia

(2025b) is a crucial task in speech processing that involves estimating the fundamental frequency (F0) of

a speech signal. The fundamental frequency represents the vibration rate of the vocal cords and serves

as a key factor in prosody, speaker identity, and speech intelligibility. Accurately extracting and ma-

nipulating F0 allows speech synthesis systems to generate more natural and expressive speech, ensuring

that synthesized voices sound dynamic rather than monotonous. This is particularly important in tasks

such as accent conversion, where modifying pitch patterns can help better align the speech characteristics

with the target accent while preserving the speaker’s identity. Several algorithms have been developed

for robust and accurate pitch tracking, among which YIN and YAAPT are two widely used methods.

YIN Algorithm

The YIN algorithm de Cheveigné and Kawahara (2002) is a time-domain method designed for accurate

and robust pitch detection. It is based on the autocorrelation principle but introduces several modifica-

tions to reduce common pitch estimation errors.

- Difference function: YIN computes a difference function instead of autocorrelation to emphasize

local minima, which correspond to pitch periods.

- Cumulative mean normalization: The difference function is normalized to suppress false minima

due to noise.



- Parabolic interpolation: The minimum of the difference function is refined using interpolation

for more accurate pitch period estimation.

YIN is known for its accuracy, low latency, and robustness to moderate noise, making it suitable for

offline and real-time speech applications.

YAAPT Algorithm

YAAPT (Yet Another Algorithm for Pitch Tracking) Kasi and Zahorian (2002) is a hybrid approach that

combines time-domain and frequency-domain features to achieve high robustness in noisy and complex

speech environments.

- Multi-domain analysis: YAAPT uses both spectral and temporal cues, including a spectral cor-

relation function and dynamic programming to track pitch.

- Voicing decision: The algorithm explicitly detects voiced/unvoiced frames using energy and spec-

tral features.

- Tracking and smoothing: A dynamic programming-based path search is used to select the best

pitch contour across time, improving continuity.

YAAPT is particularly effective in handling degraded or noisy signals and provides smooth and reliable

pitch trajectories, which are highly useful in expressive speech modeling and accent conversion. In this

thesis, we choose both YIN and YAAPT for pitch detection algorithm.

2.1.3. Speaker Attribute Modeling

Speaker Embeddings for Voice and Accent Conversion

Speaker embeddings are compact, fixed-dimensional representations that capture essential speaker-specific

characteristics, such as timbre, pitch, and speaking style, from variable-length speech inputs. These em-

beddings enable models to disentangle speaker identity from linguistic content, playing a critical role in

voice conversion (VC) and accent conversion (AC) systems.

Several types of speaker embeddings have been developed over time:

- i-vector: Guo et al. (2018) Introduced initially for speaker recognition, the i-vector framework

represents an utterance as a low-dimensional vector derived from a total variability space. While

effective, i-vectors rely on Gaussian Mixture Models (GMMs) and are less robust to domain shifts.

- x-vector: Snyder et al. (2018) An advancement over i-vectors, x-vectors are deep neural network-

based embeddings extracted from frame-level features. They offer better performance in speaker

recognition and are more adaptable across different conditions.



- d-vector: Li et al. (2015) Derived from deep speaker verification models, d-vectors are computed

by averaging the hidden layer activations corresponding to an input utterance. d-vectors have been

widely used in Voice Conversion tasks due to their robustness and ability to generalize across

unseen speakers.

Importance of Speaker Embeddings in Accent Conversion

In accent conversion, maintaining the speaker’s identity while altering pronunciation patterns is crucial.

Speaker embeddings provide a powerful conditioning mechanism that allows models to preserve speaker

attributes even as the linguistic features are modified. Specifically:

- Identity Preservation: Liu et al. (2021a) By conditioning the speech generation model on speaker

embeddings, the system ensures that the converted output retains the original speaker’s voice char-

acteristics, making the converted speech sound authentic.

- Speaker-Independent Feature Transformation: Speaker embeddings allow the AC model to

focus exclusively on modifying pronunciation or accent patterns without inadvertently altering

speaker-specific traits.

- Generalization to Unseen Speakers: Wang et al. (2023) Pretrained speaker embedding extractors

enable accent conversion systems to operate effectively even with speakers unseen during training,

thus supporting zero-shot or few-shot adaptation.

It is important to distinguish the roles that speaker embeddings and accent features play in the accent

conversion process.

Speaker embeddings are designed to capture global, time-invariant characteristics of a speaker. These

include features such as voice timbre, pitch range, speaking style, and vocal tract characteristics, which

typically remain consistent throughout an utterance or even across different utterances from the same

speaker. As such, speaker embeddings serve as a global conditioning signal that defines the overall

identity of the speaker across the entire generated waveform.

In contrast, accent features are inherently local, time-varying phenomena. Accents affect pronunciation

at the phoneme or syllable level, influencing aspects like vowel shifts, consonant articulation, rhythm, and

intonation. These variations occur dynamically as the speech unfolds over time and cannot be effectively

captured by a static global embedding.

Thus, a well-designed accent conversion system should treat speaker identity and accent patterns differ-

ently:

- Use speaker embeddings to provide a global representation that remains fixed across the entire

utterance, ensuring consistent speaker identity.



- Convert accent as time-dependent transformations that operate at a fine-grained level, allowing

dynamic modification of pronunciation and prosody while preserving the speaker’s core attributes.

Failing to maintain this separation may lead to artifacts such as speaker identity loss Chen et al. (2024),

unnatural prosody. Therefore, careful disentanglement of speaker and accent representations is crucial

for achieving high-quality, natural accent conversion.

Challenges and Limitations

Despite their advantages, speaker embeddings can also present challenges, especially when they are not

sufficiently powerful or when facing unseen speakers:

- Poor Generalization to Unseen Speakers: If the embedding extractor is not trained on a diverse

dataset, embeddings may fail to capture the true identity of speakers who were not present during

training. This can lead to significant speaker identity leakage or blending in the converted speech.

- Insufficient Speaker Representation: Weak embeddings may not fully encode the fine-grained

speaker attributes such as prosody, emotional tone, or subtle voice timbres. As a result, the syn-

thesized speech may sound generic or lose personal voice characteristics.

- Sensitivity to Recording Conditions: Speaker embeddings can be affected by background noise,

microphone variability, and recording environments. These factors introduce noise into the em-

bedding, which can degrade the quality and consistency of accent conversion.

Interestingly, in speech synthesis, models often exhibit reasonable performance even when the speaker

embeddings are not particularly strong or robust Liu (2024). This phenomenon can be attributed to the

implicit memorization of speaker characteristics during training. When the model is trained on a fixed set

of speakers, it can learn to associate certain patterns in the acoustic or latent space with specific speakers,

essentially "baking in" speaker identity information into the model parameters themselves. As a result,

even if the speaker embedding does not provide a rich or highly discriminative description of the speaker,

the model can still generate speech that sounds like one of the training speakers by relying on this learned

association.

However, this reliance on memorization presents a major limitation: when encountering unseen speakers

during inference, the model struggles to generalize, leading to degraded speaker similarity or even mode

collapse (i.e., generating voices that sound like the closest training speaker rather than the true target

speaker). This highlights the importance of having strong, generalizable speaker embeddings—especially

for tasks like accent conversion or voice conversion that demand speaker preservation under more chal-

lenging conditions, such as accent shifts, unseen speakers, and diverse speaking styles.



In this thesis, we adopt state-of-the-art speaker embedding model to achieve robust speaker identity

modeling for accent conversion. These embeddings have been extensively validated in the literature and

provide a reliable way to encode speaker-specific information globally across the utterance.

It is important to note that improving speaker embedding extraction itself, especially for better gener-

alization to unseen speakers, lies beyond the scope of this thesis. Instead, our focus is on leveraging

existing speaker embedding techniques to build effective accent conversion pipelines. Future work could

explore developing more powerful, adaptive speaker representations to further enhance the naturalness

and speaker consistency in accent-converted speech.

2.1.4. Vocoder

A vocoder (voice coder) Wikipedia (2025d) is a fundamental component in speech synthesis that re-

constructs a waveform from intermediate speech representations, such as mel-spectrograms ,acoustic

features, or even hidden representations produced by neural networks. Instead of directly generating raw

audio waveforms, modern speech synthesis systems first predict intermediate features, which are then

converted into high-quality waveforms using a vocoder. This two-step approach enhances the efficiency

and flexibility of the synthesis process while maintaining naturalness and intelligibility in the output

speech.

In speech synthesis, generating a waveform directly instead of generating mel-spectrogram or other

acoustic feature is computationally expensive and challenging due to the high dimensionality of audio

signals. Instead, vocoders provide a structured way to synthesize waveforms from feature representa-

tions, ensuring smoother and more natural speech. Key advantages of using a vocoder include:

1. Dimensionality Reduction: Mel-spectrograms and other features have lower dimensions than raw

waveforms, making them easier to model.

2. Improved Generalization: Feature-based synthesis captures essential speech characteristics while

filtering out noise and redundancy

3. Efficient and High-Quality Speech Generation: Neural vocoders can generate speech in real-

time while maintaining high fidelity

4. Robustness to Alignment Errors: Directly generating raw waveforms is highly sensitive to small

temporal shifts; even a slight misalignment can cause significant errors in the waveform domain.

Using feature-based targets like spectrograms mitigates this sensitivity, providing a more stable

and forgiving learning signal during training

Types of Vocoders



1. Traditional Vocoders : These include Griffin-Lim Wang et al. (2017) Algorithm and WORLD

Morise (2016) Vocoder, which model speech as a combination of excitation and spectral envelopes.

2. Neural Vocoders: Recent advnces leverage deep learning models, such as WaveNetShen et al.

(2018), WaveGlow Prenger et al. (2018), Parallel WaveGAN Yamamoto et al. (2020), HiFi-GAN

Kong et al. (2020a), and VocGAN Yang et al. (2020), to generate high-quality, natural-sounding

speech. These models significantly improve speech synthesis realism by learning complex patterns

in audio waveforms.

With the rise of deep learning, neural vocoders have largely replaced traditional vocoders in high-quality

speech synthesis, enabling more natural and expressive speech generation. On the downside, the neural

vocoder needs to be trained with a relatively large amount of speech data, and the training process can be

slow. The WaveNet vocoder, the first neural vocoder, has slow inference speed due to its autoregressive

nature. However, this issue can be addressed using alternative approaches like Parallel-WaveNet, Wave-

Glow, and HiFi-GAN. Among these, HiFi-GAN stands out as a state-of-the-art vocoder due to its ability

to generate high-fidelity waveforms in real-time while maintaining computational efficiency. In this the-

sis, we adopt HiFi-GAN for synthesizing audio waveforms, ensuring high-quality and natural-sounding

speech in our speech synthesis and accent conversion tasks. Since HiFi-GAN is closely related to speech

synthesis, we will provide a more detailed explanation in Section 2.2

2.2. Text-to-Speech Synthesis

An AC and a speech synthesis share the same output modality, meaning that the architectural advance-

ments in speech synthesis can be effectively leveraged for accent conversion models. Neural text-to-

speech synthesis, in particular, has emerged as a powerful tool, outperforming statistical TTS methods

Mehta et al. (2022). Neural text-to-speech synthesis can be broadly categorized into autoregressive and

non-autoregressive architectures, each addressing different challenges in speech generation.

TTS is inherently a one-to-many problem, as the same text input can correspond to multiple valid speech

outputs due to variations in prosody, intonation, and speaker style. Addressing this variability has been a

key focus in TTS research.

For autoregressive architectures, the most widely used model is Tacotron Wang et al. (2017); Shen et al.

(2018) , which generates speech frame by frame in a sequential manner. Tacotron-based models, such

as Tacotron 2, employ an encoder-decoder structure where the decoder predicts the next frame based on

previously generated frames. While this approach ensures high-quality and natural-sounding speech, it

suffers from slow inference speed and potential error accumulaion due to its sequential nature.



To address the inference speed and stability issues of autoregressive models, researchers have devel-

oped non-autoregressive architectures, such as Variational Inference Text-to-Speech (VITS) Kim et al.

(2021a).

VITS extends TTS capabilities by explicitly modeling the one-to-many problem through stochastic latent

variables that capture prosody and speaker-specific variations more effectively than Tacotron. A key

component of VITS is the conditional prior distribution from text, which enhances the model’s ability to

generate diverse speech outputs from the same text input.

In this thesis, the Tacotron Shen et al. (2018) and VITS Kim et al. (2021a) architectures are used as

the speech synthesis components of the accent conversion system. This section reviews Tacotron-2 and

VITS as key literature relevant to the thesis.

2.2.1. Tacotron

Tacotron Wang et al. (2017) is an autoregressive neural sequence-to-sequence model that synthesizes

speech from text by generating mel-spectrograms, followed by a Griffin-Lim vocoder for waveform

reconstruction. Tacotron-2 Shen et al. (2018)is an updated version that improves upon the original by

incorporating a more advanced vocoder called WaveNet, which enables the generation of higher-quality

speech waveforms with improved naturalness and clarity. The key difference in Tacotron-2 is its end-to-

end pipeline, where the model directly predicts the mel-spectrogram from the input text, and a separate

neural vocoder (WaveNet van den Oord et al. (2016)) is used for the final waveform generation. This

eliminates the need for intermediate post-processing and enhances the overall efficiency and quality of

the synthesis process.



Figure 2.3.: Tacotron 2 architecture Wang et al. (2017); Shen et al. (2018)

Model Architecture

Tacotron-2 architecture consists of:

- Encoder: Converts the input text sequence into a high-level latent feature representation.

- Attention Mechanism: Dynamically aligns the input text features with the output mel-spectrogram

frames.

- Decoder: Autoregressively predicts mel-spectrogram frames conditioned on previous outputs and

context vectors.

- Post-Net: Refines the initially predicted mel-spectrogram by applying a convolutional post-processing

network.

- Stop Token Prediction: Predicts a binary token at each timestep indicating whether to stop de-

coding.

The overall Tacotron architecture operates as follows:



The encoder transforms an input sequence X = {c1,c2, ...,ct} (phoneme or character embeddings) into a

hidden representation H = {h1,h2, ...,ht} :

H = Encoder(X) (2.3)

The attention mechanism calculates a context vector an for each decoder step by attending over H based

on the previous decoder hidden state sn−1:

an = Attention(H,sn−1) (2.4)

The decoder autoregressively predicts the mel-spectrogram frames:

meln = Decoder(mel1:n−1,an) (2.5)

where meln denotes the predicted mel-spectrogram frame at time step n.

To improve the quality of the predicted mel-spectrogram, a PostNet, typically composed of several

convolutional layers, is applied:

Ỹ = Y +PostNet(Y ) (2.6)

where Ỹ represents the refined mel-spectrogram , Y represents the mel-spectrogram mel1,mel2, ...,meln}
Additionally, Tacotron predicts a stop token stopn at each timestep:

stopn = StopLinear(sn−1,an) (2.7)

where stopn is a scalar between 0 and 1, indicating whether to stop decoding (usually using a threshold

during inference).

Finally, the resulting mel-spectrogram Ỹ is converted to a waveform ŝ using an external neural vocoder,

such as Griffin-Lim, WaveNet, or HiFi-GAN:

ŝ = Vocoder(Ỹ ) (2.8)

The complete Tacotron model is trained jointly with a combination of the following loss functions:

- Mel-Spectrogram Reconstruction Loss: Typically an L1 or L2 loss between predicted and

ground-truth mel-spectrograms.

- Post-Net Loss: A separate reconstruction loss between refined mel-spectrograms and ground-truth

mel-spectrograms.

- Stop Token Loss: A binary cross-entropy loss for predicting the correct stop point.



Advantages of Tacotron:

- End-to-end training: Tacotron 2 eliminates the need for manual feature extraction by learning

text-to-speech mappings directly from data, reducing the complexity of the pipeline.

- High-Quality Speech Generation: By combining a sequence-to-sequence model with an atten-

tion mechanism and a neural vocoder (such as WaveNet), Tacotron 2 produces highly natural and

expressive speech with improved fidelity and intelligibility.

- Post-Net Refinement: The Post-Net further improves the mel-spectrogram predictions, resulting

in smoother and more accurate outputs

- Flexible and Adaptive: The model can be easily adapted to various speaker styles or emotional

expressions by incorporating speaker embeddings or style token.

By these advantages, the components of Tacotron are utilized as part of the accent conversion architec-

ture, as discussed in Chapter 3

2.2.2. VITS: Variational Inference Text-to-Speech

VITS Kim et al. (2021a) is a non-autoregressive model that synthesizes speech via variational inference,

enabling diverse and high-quality speech synthesis. Before introducing VITS, it is essential to understand

the three key components that it integrates: Normalizing Flows Rezende and Mohamed (2015), Vari-

ational Autoencoders (VAEs) Kingma and Welling (2019), and Generative Adversarial Networks

(GANs) Goodfellow et al. (2014). These components collectively enable VITS to generate high-quality

and natural-sounding speech.

Normalizing Flows

Normalizing Flows (NFs) are a powerful technique for modeling complex probability distributions by

transforming a simple prior distribution (e.g., a standard Gaussian) into a more expressive one through

a sequence of invertible, differentiable transformations. Given a random variable z drawn from a simple

prior distribution p(z), a normalizing flow applies a series of transformations to obtain a more complex

distribution:

x = fθ (z), (2.9)

where fθ is a bijective function parameterized by θ . By applying the change of variable formula, the

transformed probability density function can be computed as:

p(x) = p(z)

∣∣∣∣∣det
∂ f−1

θ
(x)

∂x

∣∣∣∣∣ , (2.10)



where det ∂ f−1
θ

(x)
∂x is the determinant of the Jacobian matrix of the inverse transformation.

Normalizing flows allow for flexible latent space modeling by successively applying multiple transfor-

mations:

zK = fK ◦ fK−1 ◦ ...◦ f1(z0), (2.11)

where each fk is an invertible function, and z0 follows a known simple prior (e.g., Gaussian). The final

latent variable zK can model complex distributions, enabling better data representation.

Normalizing flows are typically trained using the principle of Maximum Likelihood Estimation (MLE).

Given a dataset D = {x(i)}N
i=1 of observed data points, the goal is to find the parameters θ that maxi-

mize the likelihood of observing this data under the model distribution p(x;θ). This is equivalent to

maximizing the log-likelihood function:

L (θ) =
N

∑
i=1

log p(x(i);θ). (2.12)

Using the change of variables formula for the composition of functions, the log-likelihood for a single

data point x can be expressed as:

log p(x;θ) = log pz0(z0)+ log
∣∣∣∣det

(
∂x
∂ z0

)∣∣∣∣−1

(2.13)

= log pz0(z0)− log
∣∣∣∣det

(
∂x
∂ z0

)∣∣∣∣ (2.14)

= log pz0(z0)−
K

∑
k=1

log
∣∣∣∣det

(
∂ zk

∂ zk−1

)∣∣∣∣ , (2.15)

where z0 = f−1
θ

(x) = f−1
1 ◦ · · · ◦ f−1

K (x), and ∂ zk
∂ zk−1

is the Jacobian of the k-th transformation fk.

The training objective is therefore to minimize the negative log-likelihood (NLL) averaged over the

dataset:

minimizeθ − 1
N

N

∑
i=1

(
log pz0(z

(i)
0 )−

K

∑
k=1

log

∣∣∣∣∣det

(
∂ fk

∂ z(i)k−1

)∣∣∣∣∣
)
. (2.16)

This optimization is typically performed using gradient-based methods such as Stochastic Gradient De-

scent (SGD) or Adam. The key requirements for normalizing flows are that each transformation fk must

be invertible, and both the forward computation fk and the logarithm of the absolute determinant of its

Jacobian (log-det-Jacobian) must be computationally efficient. This allows for efficient calculation of

the likelihood and its gradients with respect to the parameters θ .



Variational Autoencoders (VAEs)

Variational Autoencoders (VAEs) are a type of deep generative model that learns a structured latent

space by optimizing a probabilistic lower bound on the data likelihood. Given an input data point x,

VAEs introduce a latent variable z and model the marginal likelihood as:

pθ (x) =
∫

pθ (x,z)dz. (2.17)

However, directly computing the marginal likelihood log pθ (x) is typically intractable due to the integral

over the latent variable z. To address this, Variational Autoencoders (VAEs) introduce a variational

distribution qφ (z | x) to approximate the true posterior pθ (z | x), and instead maximize a lower bound on

the log-likelihood known as the Evidence Lower Bound (ELBO).

We start by rewriting the marginal log-likelihood as:

log pθ (x) =
∫

log pθ (x)qφ (z | x)dz since
∫

qφ (z | x)dz = 1 (2.18)

Therefore

log pθ (x) = logEqφ (z|x)[pθ (x)] (2.19)

Furthermore, using the identity

pθ (x) =
pθ (x,z)
pθ (x | z)

(2.20)

Combine 2.19 and 2.20, we have:

log pθ (x) = Eqφ (z|x)

[
log

pθ (x,z)
pθ (x | z)

]
= Eqφ (z|x)

[
log

pθ (x,z)qφ (z | x)
pθ (x | z)qφ (z | x)

]
= Eqφ (z|x)

[
log

pθ (x,z)
qφ (z | x)

]
+Eqφ (z|x)

[
log

qφ (z | x)
pθ (x | z)

]
= Eqφ (z|x)

[
log

pθ (x,z)
qφ (z | x)

]
+DKL(qφ (z|x)||pθ (x | z)).

(2.21)

Note that the second term does not correspond to a KL divergence between two distributions over z, so

instead we use the correct form:

DKL
(
qφ (z | x)∥ pθ (z | x)

)
≥ 0. (2.22)

Therefore, we can derive the following inequality:

log pθ (x)≥ Eqφ (z|x)

[
log

pθ (x,z)
qφ (z | x)

]
, (2.23)



where the right-hand side is referred to as the Evidence Lower Bound (ELBO). By maximizing the

ELBO, we indirectly maximize a lower bound on the true data likelihood log pθ (x).

We now derive an equivalent and more interpretable form of the ELBO. Starting from:

LELBO = Eqφ (z|x)

[
log

pθ (x,z)
qφ (z | x)

]
, (2.24)

we apply the factorization pθ (x,z) = pθ (x | z)p(z), which gives:

LELBO = Eqφ (z|x)

[
log

pθ (x | z)p(z)
qφ (z | x)

]
= Eqφ (z|x) [log pθ (x | z)]+Eqφ (z|x)

[
log

p(z)
qφ (z | x)

]
= Eqφ (z|x) [log pθ (x | z)]−DKL

(
qφ (z | x)∥ p(z)

)
.

(2.25)

which separates the objective into two key components:

- Reconstruction term: The expectation Eqφ (z|x)[log pθ (x | z)] encourages the decoder pθ (x | z) to

reconstruct the input x well from the latent representation z. This term measures how well the

model can explain the observed data given the sampled latent variables.

- Regularization term: The KL divergence DKL(qφ (z | x)∥ p(z)) acts as a regularizer that penalizes

the divergence between the approximate posterior qφ (z | x) and the prior p(z). This prevents the

latent space from overfitting to the training data and encourages smooth, structured latent repre-

sentations.

Maximizing the ELBO thus balances the trade-off between accurate data reconstruction and latent space

regularity. In practice, the prior p(z) is often chosen to be a standard normal distribution N (0, I), which

simplifies both sampling and computation of the KL divergence.

This form of the ELBO is particularly useful for optimization, as it can be directly estimated using Monte

Carlo sampling during training:

LELBO ≈
1
L

L

∑
l=1

log pθ (x | z(l))−DKL(qφ (z | x)∥ p(z)), where z(l) ∼ qφ (z | x). (2.26)

This formulation allows VAEs to be trained end-to-end using stochastic gradient descent, with gradients

backpropagated through both the encoder and decoder networks.

The encoder maps input speech features x into a latent distribution:

z∼ qφ (z|x) = N (µφ (x),σφ (x)), (2.27)

where µφ (x) and σφ (x) are the learned mean and variance functions. The decoder then reconstructs x

from z using:



x∼ pθ (x|z). (2.28)

In speech synthesis, VAEs provide a structured representation of speech variability, such as speaker

identity, emotion, and intonation, which improves the diversity and naturalness of generated speech.

VITS uses a conditional VAE framework to model latent speech representations conditioned on text.

Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) are a class of generative models that train a generator network

G and a discriminator network D in an adversarial framework. The generator attempts to synthesize

realistic samples, while the discriminator tries to distinguish real samples from generated ones. The

training objective follows a min-max optimization:

min
G

max
D

Ex∼pdata(x)[logD(x)]+Ez∼p(z)[log(1−D(G(z)))]. (2.29)

The generator learns to produce realistic outputs by fooling the discriminator, while the discriminator

continuously improves its ability to differentiate real and fake samples.

In speech synthesis, GANs are used to improve the quality of generated waveforms by enforcing a more

realistic distribution. Specifically, GAN-based models like HiFi-GAN Kong et al. (2020a) introduce a

discriminator that evaluates generated speech at multiple scales (e.g., waveform segments, frequency

representations) to ensure high-fidelity synthesis.

HiFi-GAN consists of a generator and multiple discriminators. The generator converts an input mel-

spectrogram into a high-fidelity waveform, while the discriminators assess the quality of the generated

speech by comparing it to real speech signals. The training process involves a combination of adversarial

loss, feature matching loss, and mel-spectrogram loss to improve the perceptual quality of the synthesized

speech.

The generator G takes speech features M as input and produces a waveform x̂ = G(M). The discrimina-

tors {Dk}K
k=1 are designed to distinguish between real speech signals x and generated waveforms x̂. The

adversarial loss Ladv encourages the generator to produce realistic waveforms by minimizing:

Ladv = Ex[logDk(x)]+Ex̂[log(1−Dk(x̂))].

Additionally, the feature matching loss Lfm ensures that the intermediate feature representations of the

generated and real waveforms are similar:

Lfm = Ex,x̂

[
T

∑
i=1

1
Ni
∥D(i)

k (x)−D(i)
k (x̂)∥1

]
,



where T is the number of layers in the discriminator, Ni is the number of features in the i-th layer, and

D(i)
k denotes the i-th layer of the k-th discriminator.

Finally, the mel-spectrogram loss Lmel ensures that the generated waveform closely matches the target

mel-spectrogram:

Lmel = ∥φ(x)−φ(x̂)∥1,

where φ(·) represents the mel-spectrogram transformation. The overall loss function for the generator is

a weighted combination of these losses:

LG = Ladv +λfmLfm +λmelLmel,

where λfm and λmel are hyperparameters controlling the contribution of each loss term.

VITS incorporates adversarial training to refine speech synthesis quality, ensuring that generated wave-

forms closely resemble natural speech. The GAN-based approach enhances prosody, speaker character-

istics, and intelligibility while reducing artifacts common in traditional speech synthesis models.

Variational Inference Text-to-Speech (VITS) is a state-of-the-art neural speech synthesis model that com-

bines Variational Autoencoders (VAEs), Normalizing Flows, and Generative Adversarial Networks

(GANs) into a single end-to-end trainable framework. Unlike conventional TTS systems that separately

model phonetic duration, acoustic features, and waveform generation, VITS learns a latent speech repre-

sentation and directly generates high-fidelity waveforms.



Overview of VITS Framework

Figure 2.4.: VITS training process Kim et al. (2021a)

VITS (Variational Inference Text-to-Speech) models speech synthesis as a latent-variable probabilistic

generative process. It aims to model the conditional distribution:

p(x|c) =
∫

p(x|z)p(z|c)dz, (2.30)

where:

- x is the speech waveform,

- c is the text input (e.g., phoneme sequence),

- z is a latent variable capturing intermediate speech representations.

Since direct marginalization over z is intractable, VITS employs variational inference to approximate the

posterior distribution p(z|x,c). The model consists of these major components:

- Text Conditional Prior Network: Encodes text embeddings into a prior distribution over the

latent space



- Posterior Encoder with Normalizing Flow: Maps speech waveforms to a latent space using

normalizing flows.

- Monotonic Alignment Module and Duration Predictor: Provides soft and differentiable align-

ment between text and speech.

- Waveform Generator (HiFi-GAN): Generates high-quality waveforms from latent variables via

adversarial training

Text Conditional Prior

One of the key innovations of VITS is the use of a conditional prior distribution over the latent variable

z. Given a phoneme sequence c, the model learns a structured prior p(z|c) using a normalizing flow.

This conditional prior enables flexible modeling of the many-to-one problem in speech synthesis, where

multiple speech waveforms can correspond to the same text. The prior distribution over the latent space

is modeled as:

p(z0|c) = N (z0; µθ (c),σ2
θ (c), (2.31)

where µθ (y) and σθ (y) are predicted from the text. To model more complex latent distributions, VITS

applies a normalizing flow transformation f :

z = f (z0), (2.32)

allowing computation of the prior using the change of variables formula as:

p(z|c) = p(z0|c)
∣∣∣∣det

(
∂ f−1(z)

∂ z

)∣∣∣∣ . (2.33)

Posterior Latent Encoding

To capture the complex variations in speech, VITS employs a posterior encoder that maps an observed

speech waveform x to a latent variable z:

qφ (z|x) = N (z; µφ (x),σ2
φ (x)), (2.34)

Since the true posterior p(z|x,c) is intractable, this approximation ensures that latent variables encode

meaningful speech characteristics while remaining close to the prior. The KL divergence between the

posterior and prior distributions is minimized to regularize latent space representations:

DKL(qφ (z|x)||pθ (z|c). (2.35)



Monotonic Alignment and Duration Predictor

VITS enforces a monotonic alignment between text and speech using a duration predictor ∆(c). Dura-

tions {d1,d2, ...,dT} are predicted for each token, and the alignment path π maximizes the accumulated

attention probability under a monotonic constraint:

π
∗ = arg max

π∈MonoAlign
∑

(t,n)∈π

logαt,n, (2.36)

where αt,n represents the alignment probability between text token t and speech frame n.

This design allows fully end-to-end training without external alignments or complex attention mecha-

nisms.

Waveform Generation with Hifi-GAN

The final step in VITS is speech synthesis via Hifi-GAN. Instead of using an explicit vocoder, VITS

integrates a Hifi-GAN vocoder to directly generate waveforms from the latent variable z. The generator

G takes z as input and produces a speech waveform:

x = Gψ(z) (2.37)

A discriminator network D is trained to distinguish real speech samples from generated ones, optimizing

the adversarial objective:

min
G

max
D

Ex∼pdata(x)[logD(x)]+Ez∼p(z)[log(1−D(G(z)))]. (2.38)

Final Training Objective

The overall training objective of VITS combines three loss functions:

- Reconstruction Loss (Variational Autoencoder loss):

Lrecon = Eqφ (z|x)[log pθ (x|z)]. (2.39)

- KL Divergence Regularization:

LKL = DKL(qφ (z|x)||pθ (z|c)). (2.40)

- Adversarial Loss (GAN-based loss for waveform generation): LGAN

- Duration Predictor Loss: LDur



This results in fast, high-quality speech generation without autoregressive sampling.

Thus, the final loss function is:

L = Lrecon +λKLLKL +λdurationLDur +λGANLGAN, (2.41)

where λKL and λGAN are weighting factors that balance the different loss terms..

VITS Inference (Fast and Deterministic Generation)

Figure 2.5.: VITS inference process Kim et al. (2021a)

During inference, the speech waveform is generated deterministically through the following steps:

1. Encode text c into prior parameters (µθ ,σθ ).

2. Predict the phoneme durations using the duration predictor ∆(c), which determines the alignment

between text tokens and speech frames.

3. Expand the prior parameters (µθ ,σθ ) according to the predicted durations to match the target

frame length.

4. Sample latent variable z0 from N (µθ ,σθ ).



5. Transform z0 via normalizing flow: z = f (z0).

6. Generate waveform: x = Gψ(z).

This results in fast, high-quality speech generation without autoregressive sampling.

Advantages of VITS

VITS introduces several improvements over conventional text-to-speech models:

- End-to-end training: Eliminates the need for vocoder modules.

- Expressive speech synthesis: The learned latent space allows for modeling speaker identity,

prosody, and style.

- High-quality waveform generation: Adversarial training improves speech naturalness and re-

duces artifacts.

- Fast inference: VITS enables efficient and deterministic generation of speech waveforms, allow-

ing for faster synthesis due to non-autoregressive inference.

Conclusion

By leveraging HiFi-GAN for waveform generation, VITS achieves superior speech quality while main-

taining efficiency. The adversarial training framework ensures that synthesized speech is perceptually

natural, making HiFi-GAN an essential component in modern speech synthesis pipelines. Due to its

advantages, VITS serves as the backbone for the controllable accented TTS model presented in Chapter

4.

2.3. Speech Recognition

The goal of accent conversion is to improve the intelligibility of speech; therefore, understanding and

successfully capturing the content of speech is crucial for effective accent conversion. In this thesis, the

speech recognition model has been utilized multiple times as a part of the content encoder in the accent

conversion process. Additionally, speech recognition is also used to evaluate the performance of speech

synthesis systems in general, which can be leveraged to assess the performance of the accent conversion

system. This section focuses on neural network-driven approaches to speech recognition, which have

been shown to outperform traditional statistical methods Raissi et al. (2022). Among them, sequence-

to-sequence (Seq2Seq) Chan et al. (2016) Nguyen et al. (2020c) models and connectionist temporal

classification (CTC)-based models Graves et al. (2006)have gained prominence due to their ability to

handle variable-length input and output sequences.



2.3.1. Sequence-to-Sequence (Seq2Seq) Models

Seq2Seq-based speech recognition systems Chan et al. (2016); Pham et al. (2020); Nguyen (2021);

Nguyen et al. (2020a,b) typically follow an encoder-decoder architecture, often augmented with attention

mechanisms. These models have demonstrated state-of-the-art performance in various speech recogni-

tion tasks due to their ability to model long-range dependencies and directly map acoustic features to

text. The main components of such systems include:

- Encoder: Processes the input speech features (e.g., mel spectrograms) and generates a high-

dimensional representation.

- Decoder: Takes the encoder output and generates a sequence of words, characters, or phonemes

autoregressively.

- Attention Mechanism: Helps the decoder focus on relevant parts of the input sequence, improving

accuracy.

Figure 2.6.: Sequence-to-sequence speech recognition Nguyen (2021)

Mathematically, given an input sequence of feature frames X , the encoder transforms it into a latent

representation H:

H = fenc(X) (2.42)



where fenc represents the encoder function.

At each decoding step, the decoder does not operate on the entire encoder output directly. Instead, it

uses an attention mechanism to dynamically select and weigh the most relevant parts of H based on the

current decoding context. Specifically, the decoder maintains a recurrent hidden state sn and computes

an attention context vector cn as a weighted sum over the encoder outputs:

cn = ∑
t

αt,nht (2.43)

where the attention weights αt,n are computed via a scaled dot-product attention:

αt,n =
exp(et,n/

√
d)

∑t ′ exp(et ′,n/
√

d)
, (2.44)

and the alignment score et,n measures the compatibility between the encoder output ht and the decoder

state sn:

et,n =
ht · sn√

d
. (2.45)

The decoder then generates the next token yn conditioned on both the previously generated outputs y1:n−1

and the attention context vector cn:

P(yn|H,y1:n−1) = fdec(sn,cn) (2.46)

where fdec denotes the decoder function.

Thus, the attention mechanism serves as a bridge that connects the encoder outputs to the decoder at

each time step, ensuring that the decoder focuses on the most relevant parts of the input sequence for

generating accurate predictions.

During training, the model is optimized to minimize the cross-entropy loss between the predicted output

sequence and the ground-truth labels. The cross-entropy loss for a given training example is formulated

as:

LCE =−
N

∑
n=1

logP(y∗n|H,y∗1:n−1) (2.47)

where y∗n denotes the ground-truth token at position n, and P(y∗n|H,y∗1:n−1) is the predicted probability of

the correct token given the encoder output and the previous ground-truth tokens.

Advantages of Seq2Seq Models:

- End-to-End Training: Sequence-to-sequence models allow the entire speech recognition pipeline—traditionally

split into acoustic, language, and pronunciation modeling—to be trained jointly. This simplifica-

tion reduces system complexity and enables better global optimization.



- Modeling Long-Range Dependencies: Thanks to the encoder-decoder architecture and attention

mechanisms, Seq2Seq models can effectively capture long-range temporal dependencies, which

are essential for understanding context across long utterances.

- Direct Mapping without Alignment: Unlike classical systems that require frame-level phoneme

alignments, Seq2Seq models can learn to map audio features (e.g., Mel-spectrograms) directly to

textual outputs, streamlining data preparation and training.

Challenges:

- Large Data Requirements Achieving strong performance typically demands large amounts of

labeled training data, which can be expensive and time-consuming to collect, especially for low-

resource languages or accented speech.

- High Computational Costs: Training and inference with autoregressive decoders are often slower

and more computationally intensive compared to non-autoregressive or conventional hybrid mod-

els, posing difficulties for deployment in real-time or resource-constrained environments.

- Attention Instability on Long Sequences: When dealing with long input sequences, the attention

mechanism can become unstable, leading to degraded performance. Additionally, memory and

computational costs grow quadratically with sequence length, limiting scalability.

Seq2Seq models initially achieved success in machine translation. Later, they were adopted by the speech

recognition community to develop end-to-end automatic speech recognition systems. Similarly, the

speech synthesis community leveraged Seq2Seq models to create end-to-end TTS synthesizers. Given

the sequential and monotonic nature of speech signals, Seq2Seq models and attention mechanisms are

particularly well-suited for speech-related tasks. This thesis extensively utilizes this model type for ac-

cent conversion.

2.3.2. Connectionist Temporal Classification (CTC)-Based Speech Recognition

CTC-based models Graves et al. (2006); Nguyen (2021) provide an alternative approach to speech recog-

nition by addressing the alignment issue between input audio and output text. Unlike Seq2Seq models,

CTC does not require explicit alignment between speech frames and target labels. Instead, it introduces

a special blank token and relies on probabilistic alignment learning.



Figure 2.7.: CTC-based speech recognition Nguyen (2021)

The CTC model defines a probability distribution over all possible alignments between input feature

sequences and output sequences :

P(Y |X) = ∑
A∈A (Y )

P(A|X) (2.48)

where is the set of all valid alignments allowing repeated and blank tokens.

CTC loss is computed by summing over all possible alignments:

LCTC =− ∑
A∈A (Y )

P(A|X) (2.49)

which is efficiently computed using the forward-backward algorithm.

Key components of CTC-based models:

- Acoustic Encoder: Extracts high-level features from speech signals, typically using convolutional

or recurrent layers.

- CTC Loss Function: Computes the probability of all possible alignments and optimizes the most

likely transcription.

- Decoding with Beam Search: Finds the best word sequence by considering multiple possible

alignments.

Advantages of CTC models:

- Efficient end-to-end training: CTC models eliminate the need for frame-level alignments or

phoneme annotations. The model learns to align speech frames to output labels implicitly through

the CTC loss function.



- Real-time inference capability: Since CTC is non-autoregressive, it enables parallel computation

and fast decoding, making it suitable for streaming or low-latency applications.

- Simplified architecture: A typical CTC-based system includes only an encoder and a softmax

output layer, allowing for a compact and easily trainable model.

Challenges:

- Conditional independence assumption: CTC assumes that the output predictions at each time

step are conditionally independent. This limits the model’s ability to capture dependencies between

tokens in the output sequence.

- Reliance on language model: Due to the above limitation, an external language model (LM) is

often required during decoding to improve grammaticality and fluency.

Integration with Language Models:

To compensate for the conditional independence assumption, CTC decoding is commonly enhanced

using external language models via shallow fusion Wick et al. (2022). In this method, the score for a

hypothesis Y given input X is computed as:

logPcombined(Y |X) = logPCTC(Y |X)+λ logPLM(Y ) (2.50)

where PCTC(Y |X) is the probability of sequence Y from the CTC model, PLM(Y ) is the score from an

external language model, and λ is a tunable weight balancing the two components.

This fusion helps produce more fluent and grammatically correct outputs while preserving the efficiency

of the CTC framework.

Due to its non-autoregressive nature, CTC-based speech recognition can process input very fast, making

it highly efficient for streaming applications. This makes it particularly suitable for capturing speech

content in fast and streaming accent conversion tasks.

2.4. Self-Supervised Learning for Speech Representation

2.4.1. Overview of Self-Supervised Speech Learning

Self-supervised learning (SSL) has revolutionized the field of speech processing by enabling models to

learn powerful representations from unlabeled audio data. Instead of relying on costly manual transcrip-

tions, SSL models are trained with tasks that allow them to predict masked or future portions of raw

speech signals. Prominent examples include Wav2Vec 2.0 Baevski et al. (2020b), HuBERT Hsu et al.

(2021a), and WavLM Chen et al. (2022), all of which have demonstrated outstanding performance across

a wide range of downstream speech tasks.



2.4.2. Advantages of Self-Supervised Speech Learning

Benefits for Feature Extraction

SSL models learn hierarchical, multi-layered representations that capture rich acoustic, phonetic, and

even semantic information Li et al. (2023). Lower layers tend to encode fine-grained acoustic features

(e.g., pitch, energy), while higher layers abstract linguistic content and speaker characteristics. These

representations serve as highly informative feature extractors, enabling downstream systems to access

meaningful information without requiring large supervised datasets. In particular, features extracted

from SSL models have proven highly effective for tasks such as automatic speech recognition (ASR),

speaker recognition, and speech synthesis(voice conversion and text-to-speech).

Weight Initialization for Downstream Models

Beyond feature extraction, SSL models also offer excellent initialization for training larger systems

Baevski et al. (2020a). Fine-tuning downstream models from a pretrained SSL checkpoint leads to faster

convergence, improved generalization, and often superior final performance compared to training from

scratch. By initializing the encoder with SSL-pretrained weights, models can start from a rich latent

space, rather than random parameters, thus requiring less supervised data to achieve good performance.

Advantages in Low-Resource Settings

One of the most transformative impacts of SSL is its ability to enable strong performance in low-resource

settings Hsu et al. (2021a). Traditional supervised learning requires thousands of hours of labeled speech,

but SSL models trained on unlabeled corpora allow fine-tuning with only a few hours of labeled data.

This democratizes access to speech technology for low-resource languages and aceents, making it possi-

ble to develop effective systems even where labeled data is scarce or expensive to obtain.

Robustness to Noisy Conditions

Self-supervised speech models are typically trained on large and diverse datasets containing a wide range

of acoustic environments, including noisy, reverberant, and multi-speaker conditions Chen et al. (2022).

As a result, the learned feature representations tend to be more robust against various types of distortions

compared to features derived from supervised models trained on clean data only. This robustness is

highly beneficial for downstream tasks like speech recognition or voice conversion, where real-world

input speech may contain background noise, microphone variability, or other artifacts. By leveraging

self-supervised features, models can generalize better to unseen and noisy conditions without requiring

explicit noise modeling or additional denoising steps.



Cross-Task Transferability

Another key advantage of self-supervised learning is the broad transferability of the learned representa-

tions across multiple speech processing tasks. Since SSL models are optimized to capture general speech

patterns without being constrained to a specific task, their representations can be effectively adapted for

various downstream applications, including speech recognition, speaker verification, emotion recogni-

tion, prosody prediction and speech synthesis. This cross-task adaptability reduces the need for task-

specific feature engineering and enables a unified framework where a single set of features can support

multiple objectives.

2.4.3. Application in This Thesis

In this thesis, we leverage SSL-pretrained models such for multiple purposes: (1) content feature ex-

traction to obtain robust, speaker-aware or speaker-independent representations, (2) weight initialization

for faster and more stable model training, and (3) facilitating strong performance under low-resource

training conditions. Improving SSL pretraining itself is beyond the scope of this work; instead, we focus

on effectively applying existing state-of-the-art SSL models to downstream accent conversion tasks. We

did use the three state-of-the-art SSL-pretrained models such as Wav2vec, WavLM and Hubert.

Self-Supervised Learning with Wav2vec 2.0

Wav2vec 2.0 is a self-supervised learning framework designed to extract meaningful speech representa-

tions from unlabeled audio data. The model consists of two main components: a feature encoder and a

context encoder.

Figure 2.8.: Wav2vec 2.0 architecture Baevski et al. (2020b)

Feature Encoder: The feature encoder CNNenc consists of multiple temporal convolutional layers that

process raw waveform input X into a sequence of latent feature representations:



Z =CNNenc(X), Z ∈ RT ′×d (2.51)

where X is the input waveform, T ′ is the number of extracted frames, and d is the dimensionality of the

latent features.

Context Encoder: The latent features Z are then fed into a transformer-based context encoder Tenc,

which models long-range dependencies and enhances the speech representations:

C = Tenc(Z), C ∈ RT ′×d (2.52)

where C represents the contextualized speech representations, which are crucial for downstream tasks.

Vector Quantization (VQ) Module. To enable a discrete contrastive learning objective, Wav2vec 2.0

uses a quantization module van den Oord et al. (2017) that maps continuous features Z to a finite set of

codebook embeddings:

Q = fvq(Z), Q ∈ RT ′×d (2.53)

These quantized embeddings serve as targets during pretraining.

Contrastive Learning Objective. Wav2vec 2.0 is trained using a contrastive objective. A portion of the

latent sequence Z is masked, and the model is trained to identify the correct quantized representation Qt

corresponding to each masked timestep t, among a set of negative distractors Nt :

Lcontrast =−∑
t

log
exp(sim(Ct ,Qt)/τ)

∑Q̃∈Nt
exp(sim(Ct , Q̃)/τ)

(2.54)

where sim(·, ·) represents cosine similarity, τ is the temperature scaling parameter, and Nt is the set of

negative samples.

Advantages of Wav2Vec 2.0 : Wav2Vec 2.0 offers several advantages for speech representation learn-

ing. Its contrastive self-supervised objective enables learning from large amounts of unlabeled speech

data, making it highly scalable. The Transformer context encoder captures long-range dependencies,

resulting in rich and robust representations. Additionally, the pretrained features significantly improve

data efficiency, robustness to noise, and transferability across various speech processing tasks.

Self-Supervised Learning with HuBERT

HuBERT (Hidden-Unit BERT) is a self-supervised learning model for speech representation learning,

introduced by Hsu et al. (2021a). It leverages a masked prediction objective inspired by BERT (Bidirec-

tional Encoder Representations from Transformers) to learn effective speech representations. The model

consists of several key stages, which we detail below.



Figure 2.9.: HuBERT architecture Hsu et al. (2021a)

Preprocessing and Feature Extraction: HuBERT processes raw speech waveforms by first extracting

a sequence of feature representations using a convolutional neural network (CNN). This is done in the

first step, where an input waveform x is passed through a convolutional encoder to produce the feature

representations f :

f = CNNenc(x). (2.55)

The extracted features, f , are then fed into a transformer encoder for further processing.

Contextualized Representations via Transformer Encoder: The features obtained from the convolu-

tional encoder are passed through a Transformer encoder Tenc to produce contextualized representations

of the audio. The transformer model allows HuBERT to capture long-range dependencies in speech,

which is crucial for understanding the phonetic and linguistic structure of the audio:

h = T ( f ), (2.56)

where h represents the output of the transformer encoder, containing the rich, context-aware speech

representations.

Clustering with K-means: To group the continuous representations into discrete units, HuBERT em-

ploys an iterative clustering technique using K-means clustering. For each frame ht , the model assigns



it to one of the clusters ct by minimizing the squared distance between the frame representation and the

centroids of the clusters:

ct = argmin
k
∥ht −µk∥2, (2.57)

where µk denotes the centroid of the k-th cluster. This step discretizes the continuous representations into

a set of symbolic cluster assignments, which are treated as pseudo-labels for the next phase of training.

Masked Prediction Objective: HuBERT is trained using a masked prediction objective, where a portion

of the cluster assignments is randomly masked, and the model is trained to predict these masked assign-

ments. This approach is similar to masked language model, but applied to the speech domain. The model

learns to predict the masked cluster labels C = {c1,c2, . . . ,cT} by minimizing a cross-entropy loss:

LHuBERT =− ∑
t∈M

logP(ct |ht), (2.58)

where M is the set of masked time steps. This objective forces the model to learn useful representa-

tions of speech that can be used for various downstream tasks, such as phoneme classification, speaker

recognition, and speech-to-text.

Iterative Refinement: One of the distinctive features of HuBERT is its iterative refinement process. Af-

ter the initial clustering step, the model is trained to predict the masked labels, and the resulting cluster

assignments are used to improve the model’s pseudo-labels. This iterative process allows HuBERT to

refine its speech representations over multiple training stages, leading to better performance on down-

stream tasks.

Advantages of HuBERT : HuBERT has several advantages over previous speech representation learn-

ing models. By using a masked prediction objective, it can learn from unlabelled speech data, which

makes it highly scalable to large speech datasets. Additionally, the use of a Transformer encoder allows

HuBERT to capture complex dependencies in speech, leading to more accurate and robust representa-

tions. Finally, the iterative refinement process helps the model to continually improve the quality of its

learned representations.

Self-Supervised Learning with WavLM

WavLM Chen et al. (2022) extends the ideas of Wav2Vec 2.0 and HuBERT by incorporating a unified

framework for speech representation learning that is optimized for both speech recognition and speech

understanding tasks. It is trained with a masked speech prediction objective, similar to HuBERT, but

introduces an innovative training strategy called “utterance mixing” to better model speaker and noise

variations.



Figure 2.10.: WavLM architecture Chen et al. (2022)

Feature Encoder: Similar to Wav2Vec 2.0, WavLM uses a multi-layer convolutional feature encoder

that transforms raw audio signals into latent representations:

Z = CNNenc(X), Z ∈ RT ′×d (2.59)

Transformer Context Encoder: The extracted latent features Z are then passed through a deep Transformer-

based context encoder Tenc to produce contextualized representations:

C = Tenc(Z), C ∈ RT ′×d (2.60)

Utterance Mixing: During training, WavLM randomly mixes two audio segments and trains the model

to predict the masked tokens from the mixed signal. This approach teaches the model to disentangle

speaker, content, and noise information, leading to more robust and generalized representations.

Masked Prediction Objective: WavLM adopts a masked prediction loss, where a portion of the input

is masked, and the model is tasked with predicting the correct quantized targets. This helps the model

learn meaningful speech representations without requiring manual labels.

Advantages of WavLM : WavLM brings several improvements over earlier SSL models. The utterance

mixing technique enhances robustness to speaker variations and background noise. Its unified pretraining

objective enables strong performance across diverse downstream tasks, including ASR, speaker verifi-

cation, and emotion recognition. Moreover, WavLM achieves excellent results in low-resource settings,

demonstrating superior data efficiency and generalization ability compared to previous models.



2.5. Voice conversion

Voice conversion aims to modify a source speaker’s voice to sound like a target speaker while preserving

the linguistic content. Various approaches have been developed to tackle this task, typically categorized

by how they handle the decomposition and transformation of speech features. In this section, we sum-

marize two prominent paradigms in VC research: the disentangle-resynthesis approach and the direct

transformation approach.

2.5.1. Disentangle-Resynthesis Approach

The disentangle-resynthesis approach, exemplified by models such as VQMIVC Wang et al. (2021a),

AutoVC Qian et al. (2019), FreeVC Li et al. (2023) and AdainVC chieh Chou et al. (2019), involves

separating the speaker identity and linguistic content from the source speech and then recombining them

with the target speaker’s characteristics. This is typically achieved using models such as Variational

Autoencoders (VAEs) or Generative Adversarial Networks (GANs). For instance, in a VAE-based sys-

tem, the encoder extracts a latent representation that captures the speaker-independent content, while

the decoder reconstructs the speech using the target speaker’s voice characteristics. Mathematically, this

process can be represented as:

z = Encoder(xsource), x̂target = Decoder(z,starget),

where z is the latent representation of the linguistic content, xsource is the source speech, starget is the target

speaker’s embedding, and x̂target is the converted speech.

In this thesis, we employ two disentangle-resynthesis models, VQMIVC and FreeVC, to augment addi-

tional data for training the accent conversion system, as will be discussed later. Moreover, FreeVC also

serves as the backbone architecture for the disentangle-resynthesis accent conversion method described

in Chapter 6.

VQMIVC: Vector Quantization Autoencoder-Based Voice Conversion

VQMIVC (Vector Quantization Mutual Information Voice Conversion) takes an alternative approach by

leveraging an autoencoder architecture to achieve voice conversion while disentangling speaker, content,

and prosodic features. The model consists of four core modules:

- Content Encoder Ec: Extracts phonetic content embeddings zc from input speech x.

- Speaker Encoder Es: Produces a speaker identity embedding zs (D-vector) from input speech x.

- Pitch Encoder Ep: Extracts prosody-related information to create a prosody embedding zp.

- Decoder D : Reconstructs speech from the content, speaker, and prosody embeddings.



Figure 2.11.: VQMIVC architecture Wang et al. (2021a)

The content embedding zc is computed as:

zc = Ec(x) (2.61)

and is further discretized using vector quantization:

ẑc = VQ(zc) (2.62)

The speaker embedding zs is obtained by:

zs = Es(x) (2.63)

The pitch (prosody) embedding zp is extracted as:

zp = Ep(x) (2.64)

Finally, the reconstruction of the speech waveform x̂ is obtained as follows:

x̂ = D(ẑc,zp,zs) (2.65)



To ensure the proper disentanglement of representations, VQMIVC employs a mutual information loss

LMI that minimizes the dependence between speaker, prosody, and phonetic representations:

LMI =−I(zc,zs)− I(zc,zp) (2.66)

where I(a,b) denotes the mutual information between two latent variables a and b.

During inference, the voice conversion process follows these steps:

1. The source speech xsrc is passed through the content encoder and pitch encoder to extract zc and

zp.

2. The target speech xtgt is fed into the speaker encoder to extract zs.

3. The decoder reconstructs the converted speech:

x̂ = D(zc,zp,zs) (2.67)

In conclusion, VQMIVC effectively addresses the disentanglement problem in voice conversion by lever-

aging vector quantization and mutual information. The model’s architecture disentangles speaker iden-

tity, content, and prosody, enabling more accurate and flexible voice conversion. By using mutual infor-

mation loss, VQMIVC ensures that these features remain independent, facilitating high-quality conver-

sion between different speakers while preserving the phonetic content and prosodic characteristics. This

approach provides a robust solution to the challenges in voice conversion, improving both the naturalness

and variability of the generated speech.

FreeVC: Voice Conversion Based on the VITS Framework

FreeVC Li et al. (2023) is a non-autoregressive voice conversion model that extends the VITS framework,

specifically adapted for voice conversion. The core architecture of FreeVC retains the key components

of VITS—namely, the prior encoder, posterior encoder, normalizing flows, and HiFi-GAN decoder—but

modifies them to suit the voice conversion task. Unlike VITS, the Prior Encoder in FreeVC directly pro-

cesses raw waveforms instead of relying on text annotations, and it adopts a different architectural design.

The inference process is then conditioned on the target speaker embedding and content representation

rather than textual information.



Figure 2.12.: FreeVC architecture and training process Li et al. (2023)

Key Components of FreeVC

- Prior Encoder: The prior encoder in FreeVC is composed of three main components: a content

encoder, a bottleneck extractor, and a normalizing flow. The content encoder is responsible for

extracting content representations from the input speech while discarding speaker identity infor-

mation. Typically, a pretrained SSL model such as WavLM or wav2vec is used for this purpose.

Specifically, the WavLM model takes raw waveforms as input and outputs 1024-dimensional SSL

features, denoted as xssl, which contain both content and speaker information.

To remove the unwanted speaker-related information embedded in xssl, the features are passed

through a bottleneck extractor that compresses them into a much smaller d-dimensional represen-

tation, where d≪ 1024. This significant dimensionality reduction imposes an information bottle-

neck, forcing the resulting low-dimensional features to discard content-irrelevant information such

as noise and speaker traits.

Subsequently, similar to VITS, the d-dimensional hidden representation is projected into a 2d-

dimensional space and then split into two d-dimensional vectors, representing the parameters of

a Gaussian distribution N (z; µ,σ2). To enhance the expressiveness of the prior distribution, a

normalizing flow conditioned on the speaker embedding g is applied. Following the design in

VITS, the normalizing flow is built from multiple affine coupling layers and is constructed to be

volume-preserving, with a Jacobian determinant
∣∣∣ ∂ z

∂ z0

∣∣∣= 1.

- Speaker Encoder: Encodes the target speaker identity into a fixed-dimensional vector. During

inference, this vector guides the generation of the target speaker’s voice.

- Posterior Encoder: Encodes the source speech waveform into a latent space distribution to match

the prior during training.



- Decoder: A HiFi-GAN based generator synthesizes the waveform from the latent variable z.

Training Objective

The training loss of FreeVC is very similar to that of VITS, combining several components:

LFreeVC = Lrecon +λKLLKL +λGANLGAN, (2.68)

where:

- Lrecon is the reconstruction loss between the real and generated waveforms.

- LKL is the KL divergence between the posterior and prior distributions

- LGAN is the adversarial loss from the discriminator.

Inference Process

During inference, FreeVC performs the following steps:

Figure 2.13.: FreeVC inference process Li et al. (2023)

1. Encode the source speech prior parameters (µθ ,σθ ) using the content encoder and bottleneck

extractor.

2. Sample latent variables z
′
from N (µθ ,σθ )

3. Transform z
′
via normalizing flow: z = f (z

′
).

4. Generate the final converted waveform through the decode: y = Gψ(z)

Because FreeVC avoids autoregressive sampling and attention-based alignment, it enables fast, high-

quality, and robust voice conversion even in zero-shot scenarios.



2.5.2. Direct Mapping Approach

The direct mapping approach, as seen in models like FragmentVC Lin et al. (2021), CycleGAN-VC

Kaneko et al. (2019) , directly maps the source speech to the target speech without explicitly disentan-

gling the speaker and content components. This is often achieved using attention-based models trained

on paired data or Generative adversarial network trained on non-parallel data. In this thesis, we employ

FragmentVC, to augment additional data for training the accent conversion system in Chapter 3

FragmentVC: Attention-based Voice Conversion

FragmentVC is a attention-based VC model designed to convert speaker identity while preserving pho-

netic content. The architecture consists of three main components: a source encoder, a target encoder,

and a decoder. The decoder receives three feature sequences:

- Q (Query): The output feature sequence from the source encoder.

- K (Key): The first output feature sequence from the target encoder.

- V (Value): The second output feature sequence from the target encoder.

Figure 2.14.: FragmentVC architecture Lin et al. (2021)



The decoder utilizes a cross-attention mechanism, where the source encoder’s output (Q) attends to the

key sequence (K) from the target encoder. The attention weight αi, j between query qi and key k j is

computed as:

αi, j =
exp(q⊤i k j)

∑ j′ exp(q⊤i k j′)
(2.69)

where qi and k j are feature vectors at time step i and j, respectively.

The attended feature vector q̃i is then obtained by weighting the value sequence v j:

q̃i = ∑
j

αi, jv j (2.70)

The final converted Mel-spectrogram Ŝ is generated by the decoder:

Ŝ = D(Q̃) (2.71)

where D is the decoder function, and Q̃ is the attended feature sequence.

During training, the same utterance is used for the source encoder, target encoder, and decoder re-

construction target, allowing the encoders to automatically learn to disentangle phonetic content from

speaker identity without requiring explicit constraints. The reconstruction loss is given by:

Lrec = ||S− Ŝ||1 (2.72)

where S is the ground-truth Mel-spectrogram, and Ŝ is the reconstructed one.

2.6. Accent Conversion

2.6.1. Comparison Between Accent Conversion and Voice Conversion

Although accent conversion and voice conversion are both subfields of speech-to-speech transformation,

they differ significantly in their objectives, challenges, and modeling strategies.

Objective Differences. Voice conversion aims to change the speaker identity of an utterance while

preserving its linguistic content. The main goal is to generate speech that sounds like it was spoken by

a different person. In contrast, accent conversion modifies the accent or pronunciation style of the input

speech to match a desired target accent, while maintaining both the speaker identity and the linguistic

content. Thus, AC has a finer-grained objective, focusing on phonetic and prosodic nuances without

altering speaker characteristics.

Data Requirements. Voice Conversion systems can be effectively trained with either parallel or non-

parallel data using speaker embeddings and disentanglement techniques. Accent conversion, however,



often struggles with limited high-quality parallel accent data, especially from non-native speakers, mak-

ing the collection and alignment of training data more difficult. Furthermore, accent conversion requires

careful phonetic alignment and possibly intermediate linguistic representations to ensure accurate pro-

nunciation improvement.

Challenge of Subtle and Time-Varying Variation. A key challenge that distinguishes accent con-

version from voice conversion lies in the subtle and temporally dynamic nature of accents. While speaker

identity in VC is typically modeled as a global representation—consistent across an entire utterance or

even multiple utterances, accent is inherently a time-varying attribute. It manifests locally at the phoneme

or frame level through minor phonetic deviations, pronunciation patterns, and intonation shifts. These

variations are often more subtle and less prominent than speaker-specific features, making them harder

to detect, model, and modify accurately.

This temporal and subtle nature of accent requires accent conversion models to have fine-grained control

over speech content representation. They must dynamically adjust pronunciation-related features while

preserving the speaker’s global identity and linguistic content. Any excessive or imprecise modification

risks distorting intelligibility or altering speaker characteristics. In contrast, VC models can rely on more

straightforward global conditioning techniques to shift speaker identity, making them comparatively eas-

ier to implement. As a result, the need for localized transformations and high sensitivity to error renders

accent conversion a significantly more challenging task than voice conversion.

Evaluation Complexity. Objective evaluation of voice conversion models is relatively straightfor-

ward using speaker similarity and content preservation metrics. Accent conversion evaluation, however,

requires accent similarity assessments, which are often subjective and demand expert judgment or accent

classification models.

2.6.2. Previous Work on Accent Conversion

One of the primary difficulties in AC is the lack of ground-truth parallel data, where the same speaker

utters the same sentence in different accents. In contrast, VC can often be trained on paired data of

different speakers saying identical content. Due to this limitation, previous researchers have explored

various strategies to achieve accent conversion effectively.

Reference-Based Accent Conversionn

Phonetic posteriorgrams (PPGs) Churchwell et al. (2024) have been extensively used in both voice con-

version and accent conversion tasks. PPGs are frame-level phoneme probability distributions extracted

from speech using automatic speech recognition models. They offer a speaker-independent representa-

tion by focusing purely on the phonetic content of speech while suppressing speaker-specific character-



istics. This property makes PPGs particularly valuable in AC systems, where the goal is to modify the

pronunciation style. By serving as an intermediate linguistic representation, PPGs enable the system to

disentangle accent and speaker information more effectively.

Despite their utility, previous PPG-based methods present notable limitations. A common approach Zhao

et al. (2019) in accent conversion involves utilizing native-accented reference utterances during the con-

version process. The system extracts PPGs from a native speaker’s recording and synthesizes speech

that retains the target speaker’s voice characteristics but reflects the native pronunciation patterns. How-

ever, this reliance on reference utterances at inference time reduces practicality in real-world scenarios,

where native-accented recordings may not be readily available. As a result, this reference-based system

often face challenges in achieving fully autonomous accent conversion without external pronunciation

references.

Reference-Free Accent Conversion

To address the impractical reliance on reference utterances, recent research has focused on developing

reference-free AC systems. Unlike reference-based methods, reference-free approaches aim to perform

accent conversion without requiring a direct native-accented speech sample during inference.

Only a few prior works have explored reference-free accent conversion. One of the first notable ap-

proaches is by Liu et al. (2020a), which employed a pipeline combining text-to-speech and automatic

speech recognition components to generate the output speech. While this method proved effective in con-

verting accents, it relied on complex multi-stage processing. Specifically, the system first transcribed the

input speech using ASR and then synthesized new speech from the transcription using TTS. This archi-

tecture introduces a significant challenge of error accumulation—errors in the ASR transcription (e.g.,

misrecognized words or punctuation) are propagated into the TTS output, degrading the final speech

quality and intelligibility. Furthermore, the dependency on high-quality ASR and TTS systems makes

the approach computationally expensive, slow in inference.

A second study Quamer et al. (2022) introduced a more streamlined approach by eliminating the need

for explicit TTS and ASR components. Instead, the authors used a speech synthesizer with speech

embeddings as input to generate synthetic training data. Their AC model, based on an LSTM-driven

sequence-to-sequence (Seq2Seq) architecture, was trained from scratch using the generated synthetic

data. However, a key limitation of this approach was the need to train a speech synthesizer for each

speaker in the training set, making it less flexible for real-world deployment.

Towards a More Generalized Approach

Building upon previous work, this thesis aims to develop a more generalizable reference-free AC sys-

tem. Instead, a single, unified model will be leveraged for accent conversion across many speakers and



many accents, improving scalability and practical usability. Furthermore, recent advancements in self-

supervised learning, speech generative model, and disentangled speech representations offer promising

directions for improving AC performance without relying on training parallel data or reference utterances

during inference.

2.6.3. Evaluation of accent conversion

Evaluating the performance of an accent conversion system is crucial to understanding its effectiveness

in modifying speech and pronunciation while preserving speaker identity and maintaining speech quality.

The evaluation process typically involves both subjective and objective metrics, which complement each

other to provide a comprehensive evaluation of the performance of the Ac model.

Subjective Metrics of Accent Conversion

Subjective evaluation is crucial as accent is inherently a perceptual trait. Three commonly used sub-

jective evaluation methods include Mean Opinion Score (MOS), Nativeness (or Accentedness), and

Speaker Similarity Mean Opinion Score (SimMOS).

Mean Opinion Score (MOS): MOS assesses the overall quality and naturalness of the converted speech.

Human listeners rate speech samples on a 5-point scale:

- 1: Bad (Highly unnatural, robotic, or noisy)

- 2: Poor (Partially understandable but with significant distortions)

- 3: Fair (Moderate quality with noticeable artifacts)

- 4: Good (Mostly natural but with minor imperfections)

- 5: Excellent (Highly natural and free of artifacts)

The MOS is computed by averaging scores from multiple participants, giving an overall indication of

how well the accent-converted speech aligns with natural human speech.

Nativeness (or Accentedness) : This test evaluates how native-like the converted speech sounds, using

the same 5-point scale:

- 1: Strongly accented (Very difficult to understand)

- 2: Moderately accented (Noticeable accent but understandable)

- 3: Mildly accented (Slight accent but mostly native-like)

- 4: Nearly native (Minimal accent)



- 5: Fully native (Indistinguishable from native speech)

A well-performing AC model should produce speech that receives high nativeness scores, indicating

successful accent modification.

Speaker Similarity (SimMOS): This test evaluates how well the converted speech retains the original

speaker’s identity. Listeners are presented with pairs of speech samples (one original and one converted)

and asked to rate their similarity on a 5-point scale::

- 1: Completely different speaker

- 2: Mostly different with some similarities

- 3: Somewhat similar but noticeable differences

- 4: Mostly similar with minor variations

- 5: Nearly identical

A high speaker similarity score indicates that the AC model preserves the speaker’s unique vocal char-

acteristics while modifying the accent.

To ensure reliable evaluation, at least 10 human participants are typically recruited to assess these subjec-

tive metrics. Their responses provide valuable insights into the perceptual quality of the accent-converted

speech.

Objective Metrics of Accent Conversion

While subjective evaluations provide human judgments on quality and similarity, objective metrics of-

fer a quantitative and reproducible way to measure accent conversion performance. Three widely used

metrics are Word Error Rate (WER), Accent Classifier Accuracy (ACC), and Speaker Embedding

Cosine Similarity (SECS).

Word Error Rate (WER): WER measures how well an automatic speech recognition system transcribes

speech. It is computed as:

WER =
S+D+ I

N
(2.73)

where:

- S is the number of substituted words,

- D is the number of deleted words,

- I is the number of inserted words,



- N is the total number of words in the reference transcription.

A lower WER for converted speech indicates improved pronunciation and intelligibility.

Accent Classifier Accuracy (ACC): Accent classification accuracy measures how well the AC model

transforms the accent by using a pre-trained accent classifier. This classifier is trained on a large dataset

of speech samples labeled by accent type. The classification process follows these steps:

- The original non-native and converted speech are fed into the classifier.

- The classifier predicts the accent label for each sample.

- The accuracy (ACC) is computed by comparing predicted labels to expected labels.

A successful AC model should produce a converted speech that is classified with high confidence as

native-accented speech, thereby reducing the accent classifier’s ability to detect non-native speech.

Speaker Embedding Cosine Similarity (SECS):

SECS is an objective measure used to quantify speaker similarity before and after accent conversion.

This metric is computed as follows steps:

- A state-of-the-art speaker embedding model (e.g., ECAPA-TDNN, x-vector, or WavLM-based

embeddings) extracts speaker embedding from both original and converted speech.

- The cosine similarity between these speaker embeddings is computed using:

SECS =
e1 · e2

∥e1∥∥e2∥
(2.74)

where e1 and e2 are the speaker embeddings

- The similarity score ranges from -1 to 1, where:

• 1.0 indicates identical speaker identity

• 0.0 suggests no correlation

• -1.0 represents completely different speakers

A SECS score greater than > 0.85 indicates that the AC model successfully preserves speaker identity

while modifying pronunciation.

Summary

Subjective and objective metrics together provide a comprehensive evaluation:

- High MOS and Nativeness scores indicate high-quality and native-like speech.



- Low WER suggests better intelligibility.

- High ACC ensures effective accent transformation.

- High SECS and SimMOS confirms speaker identity retention.

These evaluations ensure that an AC model is both effective and practical for real-world applications.

2.6.4. Experimental setup

Dataset

In this thesis, we utilize a range of well-established speech datasets to support different stages of training,

fine-tuning, and evaluation of accent conversion systems.

The LibriSpeech corpus Panayotov et al. (2015) is a large-scale dataset derived from public domain au-

diobooks read by native English speakers. It contains approximately 1000 hours of speech sampled at 16

kHz and is primarily used for training automatic speech recognition. Due to its clean, well-aligned tran-

scriptions and high-quality recordings, it serves as a reliable source of native speech, providing consistent

pronunciation patterns.

Building upon LibriSpeech, the LibriTTS corpus Zen et al. (2019) was developed to better support text-

to-speech and voice conversion research. LibriTTS offers approximately 585 hours of English speech

recordings, sampled at 24 kHz for higher audio fidelity compared to LibriSpeech. The dataset consists

of aligned audio-text pairs, multi-speaker recordings, and both clean and noisy speech segments, making

it versatile for a variety of speech synthesis tasks. Importantly, LibriTTS preserves the speaker diversity

of LibriSpeech while improving the prosodic naturalness and intelligibility of the recordings, addressing

limitations observed in audiobook-style speech. It provides phoneme-level alignments, normalized and

carefully processed texts, and multiple utterances per speaker, which are essential features for training

robust accent conversion, TTS, and voice conversion models.

The VCTK dataset Yamagishi et al. (2019) consists of speech data from 109 native English speakers

with various regional accents. Each speaker reads about 400 sentences, allowing us to capture speaker-

dependent prosody and accent variation.

The LJSpeech corpus Ito (2017), containing over 13,000 utterances from a single American female

speaker. Its consistent speaking style and recording conditions make it particularly suitable for modeling

clean, native-like target speech.

To incorporate non-native speech dataset, we employ the L2-ARCTIC dataset Zhao et al. (2018), which

features recordings from 24 non-native English speakers, each with different first-language backgrounds

(e.g., Hindi, Korean, Mandarin, Spanish). Each speaker reads the same set of phonetically balanced



utterances as in CMU-ARCTIC, making it a valuable resource for supervised accent conversion train-

ing. This dataset is central to our modeling and evaluation of pronunciation errors and non-native accent

patterns. We also include the CMU-ARCTIC corpus Kominek and Black (2004b), a parallel dataset

containing recordings from multiple native English speakers, each reading approximately 1150 phonet-

ically balanced sentences. Its parallel structure with L2-ARCTIC enables the construction of aligned

native-nonnative pairs, which are crucial for training and evaluating parallel accent conversion systems

and computing objective metrics such as mel-cepstral distortion (MCD) or ABX error rates.

Together, these datasets provide a rich and diverse foundation for training robust models that generalize

across accents, speaker identities, and phonetic variability.

Framework and toolkit

To support the implementation and experimentation of various models in this thesis, we leverage several

state-of-the-art open-source toolkits.

Coqui-TTS Gölge et al. (2021) is utilized as the main framework for building and training text-to-speech

and voice conversion models. It offers a modular and extensible architecture with support for various

acoustic models (e.g., Tacotron2, FastSpeech2) and vocoders (e.g., HiFi-GAN, WaveGlow), which facil-

itates rapid prototyping and integration of accent conversion components.

Hugging Face Transformers Wolf et al. (2019) is employed to access pre-trained models and fine-tuning

utilities, particularly for language and embedding tasks. Its extensive model zoo and ease of integration

allow for quick experimentation with multilingual and self-supervised learning models relevant to peech

processing.

NMTGMinor Ngoc-Quan (2019), a neural machine translation and speech recognition toolkit, is used

for implementing and training sequence-to-sequence models for accent conversion. It provides a power-

ful framework suitable for research-oriented customization.

Together, these toolkits form the software foundation of our research, allowing us to build, modify, and

evaluate many models efficiently in this thesis.







3. Data Augmentation by using Voice Conversion

There is currently no parallel corpus available that consists of audio pairs with identical content spoken

by the same speakers in different accents. In this chapter, to address this limitation, we propose a method

for generating parallel training data. The approach involves two main steps: first, we develop a voice

conversion model to synthesize a dataset containing audio pairs that maintain the same speaker identity

while exhibiting different accents. Then, we train an accent conversion (AC) model using the synthesized

data to transform speech from the source accented speech to the target accented one. Additionally,

building on the proven effectiveness of self-supervised speech representation learning, particularly with

wav2vec 2.0, in tasks such as voice conversion, speech recognition, speech translation, we incorporate

this pre-trained model with specific modifications to train the accent conversion model in the second

step. With only nine hours of synthesized training data, the encoder, initialized with the pre-trained

wav2vec 2.0 weights, achieves superior performance compared to an LSTM-based encoder Hochreiter

and Schmidhuber (1997).

3.1. General idea of generating synthetic data

In the first step, we employ a voice conversion (VC) model that maintains the pronunciation pattern and

prosody of the source audio while modifying only the speaker’s identity, specifically timbre and pitch, to

match a target speaker. Since prosody and pronunciation patterns are the key components of an accent,

preserving both ensures that the accent remains unchanged. This approach allows us to generate paired

utterances that share the same voice and linguistic content but differ in accent, providing valuable training

data for accent conversion.

The goal of generating synthetic data is to create paired audio samples that facilitate training the sequence-

to-sequence (seq2seq) accent conversion model. Consider two recordings of the same content spoken by

two different speakers: Andy, who has an American accent, and Rishu, who has an Indian accent. By

applying voice conversion to Andy’s original speech, we aim to produce an audio sample that retains the

American accent while transforming the speaker identity to match Rishu’s voice. This is consistent to a

VC system which only changes a speaker’s identity while preserves an original accent.

As a result, we obtain a pair of utterances in Rishu’s voice but with two distinct accents: the original

Indian-accented speech and the converted American-accented speech. Similarly, if we perform the voice

conversion other way round on Rishu’s audio to synthesize Andy’s voice, the outcome is to have an
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audio pair in Andy’s voice but two different accents- (original) American and (converted) Indian. The

goal of generating synthetic data is to create paired audio samples that facilitate training the sequence-

to-sequence (seq2seq) accent conversion model.The overall voice conversion process for synthetic data

generation is illustrated in Figure 3.1.

Figure 3.1.: Synthetic data process

3.2. Selecting a Voice Conversion Model

To generate synthetic data for accent conversion, we require a voice conversion model that can modify

speaker identity while preserving unique accent characteristics, including pronunciation patterns and

prosody. The primary challenge is ensuring that the transformed speech retains the original accent, as

prosody and pronunciation are key components of an accent. To this end, we explore two advanced

VC architectures: FragmentVC, which is based on a direct mapping framework Lin et al. (2021), and

VQMIVC, which employs a disentangle variational autoencoder-based approach Wang et al. (2021a).

After thoroughly fine-tuning these models with our dataset using the same hyperparameter settings as in

their respective original papers, we employ the most effective VC model to generate synthetic parallel

data.

Both FragmentVC and VQMIVC (as describe in chapter 2.5) are promising candidates for generating

synthetic data for accent conversion, primarily because they effectively preserve the accent characteris-

tics of the input speech during conversion. For FragmentVC, the attention mechanism is designed such

that the phonetic structure of the speech remains largely unchanged throughout the voice conversion pro-

cess. As a result, key elements that define an accent—such as pronunciation patterns and prosody—are

preserved while the speaker identity is adapted. VQMIVC adopts a disentanglement strategy that ex-

plicitly separates phonetic and prosodic information from speaker identity. During conversion, only the



speaker embedding is altered, while the phonetic and prosodic features are kept intact. This ensures that

the resulting speech maintains the original accent characteristics of the source speaker. These properties

make both FragmentVC and VQMIVC highly suitable for accent conversion data augmentation, as they

allow the creation of parallel data without compromising accent-related features. Selecting the most ef-

fective VC model for synthetic data generation is crucial for training a high-quality accent conversion

system.

3.3. Model architecture

Baseline

The baseline model follows an encoder-decoder framework with an attention mechanism, as illustrated

in Figure 3.2. The encoder comprises two pyramid bi-directional LSTM (bi-LSTM) layers, similar to the

structure proposed in Liu et al. (2020a). Each bi-LSTM layer consists of 768 units, with a down-sampling

factor of 2 to reduce sequence length while preserving essential temporal information. The input to the

encoder is an 80-dimensional Mel-filterbank feature representation. Additionally, a phoneme classifier

layer is integrated on top of the encoder, and a connectionist temporal classification (CTC) loss is applied

to enhance phonetic representation learning.

Figure 3.2.: Accent conversion architecture



The baseline decoder follows the Tacotron speech synthesizer decoder Shen et al. (2018), incorporating

an attention mechanism consisting of a query layer, key-value layer, and alignment layer. The attention

module aligns query, key, and value vectors in the same space, using previous attention weights αi−1 to

enhance alignment (Eq 3.3). This makes the mechanism both content-based and location-sensitive.

The decoding process starts with the query computation (Eq 3.2), followed by attention weight estimation

(Eq 3.3). The weighted sum of key-value vectors forms the context vector (Eq 3.4), which is combined

with the decoder RNN hidden state (Eq 3.5). The final mel-spectrogram prediction ymel
i is computed (Eq

3.6) and refined using a convolutional PostNet module (Eq 3.7). We adopt the hyperparameters from

NVIDIA’s Tacotron2 implementation1.

hx
1...n = Encoder(x1...xN) (3.1)

si = RNNAtt(si−1, [ci−1;Prenet(ymel
i−1)]) (3.2)

αi = Att(Query(si),Mem(hx
1...n),Location(αi−1)) (3.3)

ci = ∑
j

αi, j ∗h j (3.4)

di = RNNDecoder(di−1, [si;ci]) (3.5)

ymel
i = Linear([di;ci]) (3.6)

yPostnet
i = Postnet(ymel

i ) (3.7)

Proposed Approach

Our proposed model integrates a pre-trained wav2vec 2.0 Baevski et al. (2020c) encoder with a Tacotron-

based speech synthesis decoder, similar to the baseline model. Instead of training the encoder from

scratch, we leverage self-supervised learning to obtain robust speech representations from raw audio.

Advantages of Wav2vec 2.0 Over Training from Scratch: As described in Section 2.4.2, compared to

training an encoder from scratch, incorporating a pre-trained wav2vec 2.0 encoder offers several advan-

tages:

- Better Data Efficiency: Self-supervised learning allows the model to leverage large-scale unla-

beled datasets, reducing the reliance on annotated speech data.

- Improved Feature Representation: The pre-trained encoder captures both phonetic and prosodic

information, leading to better generalization on accent conversion tasks.

1https://github.com/NVIDIA/tacotron2



- Effective Downstream Adaptation: Pre-trained Wav2vec representations can be fine-tuned on

specific downstream tasks, such as accent conversion, using relatively small amounts of labeled

data. This makes it especially valuable in low-resource settings

- Improved Generalization: Pre-trained models demonstrate strong generalization across different

domains and accents, making them highly suitable for cross-accent tasks.

- Faster Convergence: Since the wav2vec encoder is already trained to extract meaningful speech

features, the fine-tuning process requires fewer epochs compared to training an encoder from

scratch.

- Robustness to Noise and Variability: Pre-trained representations are more invariant to speaker

and environmental noise, improving the robustness of the accent conversion model.

Integration with Accent Conversion Model

We use the pre-trained Wav2vec 2.0 Base model trained on LibriSpeech, which extracts 768-dimensional

feature representations. Unlike the baseline encoder, which operates on mel-spectrograms, the wav2vec

encoder directly processes raw waveforms. The implementation from Fairseq2 is used. On top of the

wav2vec encoder, we add a phoneme classifier and compute a connectionist temporal classification

(CTC) loss:

Lctc =−∑
i

logP(Yi|X) (3.8)

where P(Yi|X) represents the probability of the target phoneme sequence given the input audio.

During training, we freeze the feature encoder while fine-tuning both the context encoder and the Tacotron

decoder.

Loss Function

Both the baseline and proposed systems use the following loss function:

L = ||Ymel−Y Decoder
mel ||2 + ||Ymel−Y Decoder

Postnet ||2 +LCTC (3.9)

where Ymel is the ground-truth mel-spectrogram, Y Decoder
mel is the Tacotron decoder’s output, and Y Decoder

Postnet

is the enhanced mel-spectrogram after PostNet processing.

We exclude the stop token loss because, during inference, we assume that the output speech has the same

duration as the input speech.

2https://github.com/pytorch/fairseq/blob/main/fairseq/models/wav2vec



For waveform synthesis, we use the Hifi-GAN neural vocoder Prenger et al. (2019), utilizing its open-

source PyTorch implementation. Since mel-spectrograms contain all relevant details for high-quality

speech synthesis, we train the Hifi-GAN vocoder using ground-truth 80-dimensional mel-filterbank spec-

trograms.

3.4. Experiments

To train the voice conversion model, we utilized audio data from the CMU-ARCTIC corpus Kominek and

Black (2004a) and the L2-ARCTIC Hindi-accented corpus Zhao et al. (2018). These datasets collectively

consist of speech recordings from eight speakers—four native English speakers and four speakers with

an Indian accent. Each speaker recorded the same set of 1,152 sentences. Instead of training a VC model

from scratch, we leveraged pre-trained VC models from Wang et al. (2021a) and Lin et al. (2021) and

fine-tuned them using our datasets to enhance the performance across all speakers.

To generate parallel data for training our accent conversion model, we first divided the 1,152 sentences

into three subsets: a training set (1,052 sentences), a validation set (50 sentences), and a test set (50

sentences). Each sentence was spoken by all eight speakers, including both native and accented speakers.

Following the data synthesis method outlined in the previous section, we generated eight audio pairs per

sentence, resulting in approximately 9,000 audio pairs, totaling around nine hours of speech data. All

recordings were downsampled to 16 kHz.

Both the baseline and proposed AC models were trained on a single GPU with a batch size of 64.

Gradient updates were performed every eight mini-batches using the Adam optimizer. The learning

rate was set to 0.5 with a warm-up period of 4,000 steps, following the same learning rate schedule as

the Transformer model Vaswani et al. (2017a). The training process was capped at a maximum of 20,000

steps.

We conduct the evaluation on all models by using two kinds of metrics: objective and subjective. We use

50 sentences (200 American-accented audio files and 200 Indian-accented audio files) in the test set for

evaluation. Sample evaluation audios can be found here 3.

Subjective tests

Accentedness test and speaker similarity test : Two tests are conducted by 10 Indian participants who

listen to the provided audios and evaluate their accent features on a 5-point scale: 1-bad, 2-poor, 3-fair,

4-good, 5-excellent. To generate converted audios with an Indian accent, we apply our AC models on

200 American-accent audio files. For the accentedness test, the participants give a score out of 5 for the

degree to which the converted audios sound like Indian-accented speeches. For the speaker similarity

3https://tuannamnguyenkit.github.io



test, they rate the similarity between the voice identity of the input audio and the converted audio, then

give a score out of 5 as above.

Objective tests

Word error rates (WER) and Accent classifier accuracy (ACC) : We compute a WER of both original

Indian-accented audios and converted Indian-accented audios by our competitive ASR system Nguyen

et al. (2021). If the gap between two WERs is lower, the quality of the converted audio is implied to be

better. In addition, we design an accent classifier, which takes audio as an input and predict the accent

of that input. The accent classifier is a 4-LSTM-layer network with 512 hidden units with an accent

classifier layer on the top and trained on our training data set. We compute ACC on both converted and

original audios. A better conversion model is expected to have a smaller gap between two ACCs

3.5. Results

Models Accentness Speaker Similarity

Original Indian Accented Audio 4.8 -

Our Proposed System
+FragmentVC Synthetic Data 2.5 3.8
+VQMIVC Synthetic Data 2.3 4.1

Wav2vec-based
+FragmentVC Synthetic Data 3.8 3.1
+VQMIVC Synthetic Data 3.7 3.6

Table 3.1.: Subjective evaluation results. A lower accentness score indicates better accent conversion, while a
higher speaker similarity score indicates better speaker identity preservation.

Models WER (%) ACC (%)

Original Indian Accented Audio 9.7 96
Original US Accented Audio 6.3 98

LSTM-based
+FragmentVC Synthetic Data 42 63
+VQMIVC Synthetic Data 35 47

Wav2vec-based
+FragmentVC Synthetic Data 24 88
+VQMIVC Synthetic Data 18 87

Table 3.2.: Objective evaluation results. WER denotes word error rate, and ACC represents accent classification
accuracy. Lower WER and higher ACC indicate better performance.



Subjective Evaluation

To assess the perceived quality of the converted speech, we conducted a subjective evaluation with native

Indian speakers. Table 7.1 presents the results for accentness and speaker similarity.

In terms of accentness, the Wav2vec-based model outperforms the LSTM-based model under all syn-

thetic data conditions, achieving significantly lower scores (3.8 vs. 2.5 and 3.7 vs. 2.3). However, for

speaker similarity, the LSTM-based model performs better, indicating that the Wav2vec-based model

modifies the speech more extensively. While this results in improved accent conversion, it also makes

listeners perceive greater deviations from the original speaker identity.

Comparing the two synthetic data approaches, FragmentVC and VQMIVC exhibit similar performance

in accent conversion (2.5 vs. 2.3 and 3.8 vs. 3.7). However, in speaker similarity, the VQMIVC method

outperforms FragmentVC, suggesting that it is more effective at preserving speaker identity. This indi-

cates that VQMIVC produces higher-quality voice conversion results that retain speaker characteristics

more effectively.

Objective Evaluation

To quantitatively evaluate the effectiveness of our approach, we applied automatic speech recognition

(ASR) and accent classification models to both original and synthesized speech.

For the original Indian-accented audio, the ASR model achieved a word error rate (WER) of 9.7%, while

the WER for the US-accented audio was lower at 6.3%. The accent classifier also demonstrated high

accuracy, identifying Indian- and US-accented speech with 96% and 98% accuracy, respectively.

Table 7.2 shows the WER and accent classification accuracy (ACC) results for different AC models.

Within the LSTM-based models, training with VQMIVC synthetic data consistently yields better WER

than using FragmentVC synthetic data (35% vs. 42%). A similar trend is observed in the Wav2vec-

based models, where VQMIVC achieves the lowest WER of 18%. These results indicate that VQMIVC

generates higher-quality training data than FragmentVC.

Regarding accent classification accuracy, the Wav2vec-based model performs similarly with both Frag-

mentVC and VQMIVC synthetic data (88% and 87%, respectively). However, the LSTM-based model

exhibits a significant drop in performance when trained on VQMIVC data (63% vs. 47%). However,

this does not suggest that the Fragment VC preserves the accent better than the VQMIVC, since the

LSTM-based model is not strong enough to generate a good quality output.

Overall Comparison of AC Models

Across all evaluation metrics, the Wav2vec-based AC model demonstrates superior performance com-

pared to the LSTM-based model. It consistently achieves lower accentness scores, lower WER, and



higher ACC, confirming its effectiveness in accent conversion. This highlights the advantage of leverag-

ing self-supervised speech representations for improved accent conversion.

3.6. Conclusions

In this chapter, we have demonstrated that a well-trained voice conversion model can serve as an effec-

tive solution for generating high-quality training data for accent conversion . This approach mitigates

the challenge of obtaining ground-truth parallel data, which is often scarce and costly to collect. Ad-

ditionally, we have shown that leveraging a Wav2vec pre-trained encoder can significantly enhance AC

performance, particularly in low-resource conditions, by providing robust speech representations learned

through self-supervised training.

While our focus has been on a uni-directional (one-to-one) AC model, future work will explore alter-

native approaches to improving AC performance beyond the current framework. Instead of directly

extending this model, we aim to investigate other architectures, training strategies, and pre-trained mod-

els that may further enhance accent conversion. Advances in self-supervised learning and representation

learning, such as HuBERT and WavLM, present promising directions for improving the adaptability and

generalization of AC models. These explorations will provide deeper insights into the effectiveness of

different methodologies in tackling accent conversion challenges in the next chapters.





4. Synthesizing Multi-Accented Text-to-Speech

In the previous chapter, we demonstrated that voice conversion can effectively generate parallel train-

ing data. However, since this data is derived from a limited original dataset containing just over 1,000

sentences, this approach alone does not expand the dataset with additional sentences or diverse content

(transcripts). As a result, the generated speech remains constrained by the linguistic coverage and pho-

netic diversity of the original dataset, which may not be sufficient for training a robust accent conversion

system.

To overcome this limitation, an alternative approach is to leverage a Multi-accented Text-to-Speech

(TTS) system. Unlike voice conversion, which primarily modifies the timbre of existing recordings,

a well-trained TTS model can generate high-quality speech with diverse linguistic content and speaker

characteristics. By conditioning the TTS model on different accents, we can synthesize a more extensive

dataset that captures a broader range of phonetic variations and sentence structures. This, in turn, facil-

itates more effective training of accent conversion models, particularly in low-resource scenarios where

authentic multi-accented speech data is limited.

4.1. Motivation

Conventional multi-speaker text-to-speech systems are capable of synthesizing speech for multiple voices;

however, they are not designed to generate speech in different accents. This limitation motivates the de-

velopment of SYNTACC (Synthesizing Speech with Accents), an approach that extends conventional

multi-speaker TTS to produce multi-accented speech.

Most TTS systems are trained using a single speaker’s voice, but recent advancements have enabled the

synthesis of speech for multiple speakers, known as multi-speaker TTS Casanova et al. (2022). While

these systems allow voice cloning for different speakers, they do not inherently model accent variations.

Addressing this limitation is crucial, as the ability to modify accents is highly desirable in modern TTS

applications, especially for users who wish to adapt synthetic voices for effective communication across

linguistic and cultural boundaries. Furthermore, multi-accented TTS plays a important role in generating

non-native accented speech for training augmented speech recognition models and producing paired

speech samples for accent conversion models.

A straightforward approach to achieving accent control in TTS is to train separate models for each accent.

However, this requires a vast amount of accent-specific training data, which is often unavailable for
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many regional accents. To address this challenge, we propose a multi-accent TTS system that enables

the synthesis of multiple accents within a single model. Our approach fine-tunes a conventional multi-

speaker TTS system to incorporate accent conditioning while minimizing the demand for large-scale

accented speech datasets. The model is evaluated on four distinct accents: Indian, Spanish, Chinese, and

Vietnamese.

Transformer-based TTS models have gained prominence in recent years due to their ability to capture

long-range dependencies efficiently Vaswani et al. (2017b). Additionally, adaptive weight mechanisms

have demonstrated effectiveness in various multilingual speech processing tasks, including speech recog-

nition, machine translation, and speech-to-speech translation Pham et al. (2022a). In this chapter, our

research on SYNTACC aims to contribute to this growing body of work by exploring the effectiveness

of such adaptive mechanisms in multi-accented TTS. The method works by decomposing each weight

matrix into a shared component and an accent-dependent component, with the former being initialized

by the pretrained multi-speaker TTS model and the latter being factorized into vectors using rank-1

matrices to reduce the number of training parameters per accent. We implement this approach using

YourTTS Casanova et al. (2022), an advanced version of the VITS model Kim et al. (2021b). Since the

primary operation in this approach relies on matrix-vector multiplication, it can be seamlessly integrated

into various neural TTS architectures, including FastSpeech Ren et al. (2019) and GlowTTS Kim et al.

(2020).

4.2. Multi-accent adaptive weight component

The idea of adaptive weight is motivated by the belief that there are features shared between accents that

must be selectively represented, and networks are expected to switch between different "modes" depend-

ing on the input accent being processed. In a multi-accent scheme, the phoneme set, the character set

and the word set are the same for every accent. Meanwhile, accents may differ in various aspects such as

phonetics (acoustic realisation of the same phoneme), prosody, and pronunciation. From a phonological

point of view, accent differences may be reflected in their letter-to-sound mapping Kolluru et al. (2014).

These differences can consist of substitution of some phonemes. For example ‘bath’ in British English

/b a / versus in General American English (GA) /b æ / ; or in insertions/deletions of some phones, for

example in ‘herb’ / b/ vs /h b/. Therefore, if we can change the "mode" of the letter-to-sound component

of a TTS model, we can expect the accent to alter accordingly. In this paper, the adaptive weight that adds

scales and biases to each weight matrix of the letter-to-sound component is selected for investigation.

Given these variations, we hypothesize that changing the "mode" of the letter-to-sound component in

a TTS model will lead to corresponding accent changes. In this work, we explore the adaptive weight

components, which adds scaling factors and biases to each weight matrix within the letter-to-sound

component.



The idea of adaptive weight factorization is based on the fact that matrix multiplication is a fundamental

operation in neural networks Pham et al. (2021b). Many architectures, including Transformer models,

utilize linear combinations of lower-level features X ∈ RD, expressed as matrix multiplications between

the input X and weight matrices. For instance, in the self-attention mechanism, the queries Q, keys K,

and values V are generated by:

Q =W⊤Q X , K =W⊤K X , V =W⊤V X (4.1)

with the self-attention operation defined as:

Sel f Att(X) = softmax(QK⊤)V. (4.2)

Given that matrix multiplication is central to these operations, we propose a decomposition of the weight

matrix W into a shared component WS and accent-dependent factors: a multiplicative scaling WML and a

bias WBL. Thus, any linear transformation of the form Y =W⊤X can be rewritten as:

Y = (WS ·WML +WBL)
⊤X (4.3)

= (WS ·WML)
⊤X +W⊤BLX . (4.4)

In this formulation, WML modulates the magnitude and direction of the shared weights WS, while WBL

introduces a content-based bias depending on the input features X . Each accent is associated with a

unique set of WML and WBL, ensuring that the model maintains a semi-shared structure. This decompo-

sition allows for efficient adaptation to multiple accents while preserving the core structure of the neural

network.

One challenge in accent-dependent weight adaptation is that both WML and WBL must have the same

size as WS, which risks making the accent-dependent components dominate the shared component. To

address this, we leverage rank-1 matrices W̄ ∈ RDin×Dout , which can be factorized into two vectors Wen

et al. (2020); Yoon et al. (2019). Specifically, we represent W̄ as:

W̄ = rs⊤, (4.5)

where r∈RDin and s∈RDout , effectively reducing the number of parameters from Din×Dout to Din+Dout .

However, a single rank-1 decomposition may lack sufficient representational power. To enhance expres-

siveness while maintaining parameter efficiency, we extend this approach by introducing k independent

weight factors per accent, summing them to increase the rank of the additional weight matrices:



W̄ =
k

∑
i=1

ris⊤i . (4.6)

This formulation ensures that accent-dependent variations are captured effectively without significantly

increasing the number of parameters.

4.3. Adaptive multi-accent speech synthesis

YourTTS forms the foundational architecture of our SYNTACC system, incorporating an adaptive com-

ponent for accents Casanova et al. (2022). Built as an improved version of VITS, YourTTS introduces

several enhancements that support zero-shot synthesis across multiple speakers and languages. It stands

out as one of the few end-to-end, non-autoregressive TTS models capable of generating high-quality

speech. Unlike VITS, which relies on phoneme-level input, YourTTS directly consumes raw text. This

feature is particularly advantageous for languages or accent variations where grapheme-to-phoneme

(G2P) tools are either unavailable or unreliable. In the context of SYNTACC, where accent-specific G2P

mappings can vary widely, avoiding dependence on phoneme inputs simplifies the modeling process and

boosts generalization. Although the original YourTTS was trained on English, Portuguese, and French,

our use case narrows the focus to English, using a training setup that incorporates multiple accents.

Similar to YourTTS, SYNTACC adopts a conditional variational autoencoder framework augmented

with a normalizing flow mechanism (see Fig. 4.1). The overall architecture is composed of three prin-

cipal components: a posterior encoder, a prior decoder, and a waveform generator, which correspond to

the distributions qφ (z|x), pθ (z|c), and pψ(x|z), respectively. qθ (z|x) and pψ(z|c) are the posterior and

data distributions, parameterized by neural posterior encoder’s parameters φ and Hifi-GAN Kong et al.

(2020b) waveform generator’s paremeter ψ respectively, where x is the speech input and z is the latent

variables. In this setup, x denotes the input speech signal, and z represents the latent variables inferred

by the model. The Posterior Encoder receives linear spectrograms and speaker embeddings as input

and produces the latent representation z. This latent vector, combined with the speaker embedding, is

subsequently passed into the HiFi-GAN vocoder to synthesize the corresponding speech waveform.

The prior distribution pθ (z|c) is conditioned on the input text c, where the prior is defined through a

text encoder coupled with a normalizing flow decoder f . This flow-based decoder is responsible for

transforming the latent variable z in a manner that is conditioned on both the speaker embeddings and

the encoded textual information. To ensure alignment between the output sequences of the flow decoder

and the text encoder, the Monotonic Alignment Search (MAS) algorithm is utilized. Additionally, a

stochastic duration predictor, conditioned on speaker embeddings, estimates the duration d derived from

the MAS alignment. During training, the model seeks to maximize the likelihood of the speech output

x conditioned on the input text c, expressed as p(x|c), by optimizing the evidence lower bound (ELBO)

objective.



log p(x|c)> Eqφ (z|x)[log pψ(x|z)]−DKL(qφ (z|x)||pθ (z|c)) (4.7)

Similar to prior approaches, our text encoder employs a Transformer architecture. To enable multi-accent

training, we augment each input character embedding with a 16-dimensional trainable accent embedding.

The baseline configuration consists of 10 Transformer blocks with 196 hidden channels. Our proposed

model extends this architecture by incorporating an adaptive factorized weight component of rank 2.

This modification dynamically adjusts layer-specific operations, including the QKV-projection in the

self-attention mechanism.

The primary architectural distinction between the baseline and our proposed model resides in the text

encoder, which serves as the letter-to-sound module. The system processes the Transformer-encoded

text through a flow-based decoder that performs invertible transformations from simple to complex dis-

tributions, following the change-of-variable principle. All other components—including the flow-based

decoder, Monotonic Alignment Search, speaker encoder, posterior encoder, duration predictor, and wave-

form generator—remain unchanged from the original YourTTS architecture Casanova et al. (2022).

Figure 4.1.: Multi-accent TTS architecture



4.3.1. Experiments

4.3.2. Training and Experiment Setup

The YourTTS model is initially pretrained using the VCTK corpus, which contains 44 hours of speech

data recorded at 48kHz from 109 different speakers. Prior to training, all audio samples are resampled to

16kHz to ensure consistency. Our pretraining procedure strictly adheres to the methodology described

in the original YourTTS paper Casanova et al. (2022). The model undergoes training for 150,000 steps,

after which the resulting pretrained model serves as the foundational checkpoint for all subsequent ex-

perimental models in our study.

For our investigation of multi-accent text-to-speech synthesis, we utilize the publicly available L2-Arctic

dataset Zhao et al. (2018). This comprehensive dataset includes speech samples with Hindi, Spanish, and

Vietnamese accents in English, featuring a total of 12 speakers - comprising 4 native English speakers

and 4 speakers with Indian accents. Each speaker’s contribution consists of 1,152 carefully selected

sentences. To maintain uniformity across our experiments, we implement a standardized preprocessing

pipeline for all audio data. This includes amplitude normalization to -27dB using RMS-based normaliza-

tion (implemented via the ffmpeg-normalize Python package) and resampling all audio files to 16kHz.

After preprocessing, we obtain approximately 3 hours of speech data for each of the four accent cat-

egories under study: Chinese-accented, Spanish-accented, Indian-accented, and Vietnamese-accented

English. This carefully curated dataset represents a low-resource scenario, making it particularly suit-

able for evaluating our proposed approach.

In this phase of our research, we conduct a systematic comparison between dedicated single-accent

models and our unified multi-accent approach. Specifically, we fine-tune four separate instances of the

pretrained YourTTS model (from the initial pretraining phase) on each of the accent-specific datasets.

This process yields four specialized TTS systems: Indian Accent TTS, Spanish Accent TTS, Chinese

Accent TTS, and Vietnamese Accent TTS. These single-accent models serve as important baselines for

evaluating the performance of our multi-accent synthesis approach.

Both our baseline implementation and the proposed SYNTACC model are initialized using weights from

the pretrained YourTTS model. To preserve the model’s capability for multi-speaker synthesis while

adapting to accented speech, we strategically combine the accented speech data with samples from Indian

speakers in the VCTK dataset during the fine-tuning process. We conduct a comprehensive ablation study

to evaluate the impact of pretrained weights on SYNTACC’s performance through three distinct training

configurations:

(1) Training from scratch without utilizing any pretrained weights,

(2) Fine-tuning with frozen pretrained weights (only updating accent-dependent parameters),



(3) Full fine-tuning where all model parameters are updated.

All models are implemented using the CoquiAI framework Gölge et al. (2021), with training conducted

for approximately 10,000 steps on NVIDIA A100 GPUs with 48GB memory, using a substantial batch

size of 128 samples to ensure stable and efficient training.

4.3.3. Evaluation Metrics

We assess model performance through comprehensive objective and subjective evaluations. For testing,

we synthesize 10 representative sentences in each of the four target accents (totaling 40 test cases). All

evaluation samples are publicly available for review1.

Subjective Tests

We conduct three perceptual tests with 10 native English speakers using 5-point Likert scales (1: poor,

5: excellent):

- Accentedness: Measures the authenticity of the synthesized accent compared to native speakers

of the target accent

- Similarity Mean Opinion Score (Sim-MOS): Evaluates voice similarity between synthesized

and reference speaker samples

- Mean Opinion Score (MOS): Assesses overall speech naturalness and quality

All tests are conducted in controlled listening environments with randomized sample presentation to

minimize bias.

Objective Tests

Word Error Rate (WER): WER comparisons between our models and the original YourTTS baseline

reveal the impact of accent adaptation on speech clarity, where lower WER values indicate superior

performance.

4.3.4. Results and Analysis

Tables 7.1 and 7.2 present comprehensive evaluation results across Chinese (ZH), Indian (IND), Viet-

namese (VN), and Spanish (ES) accents, including average scores (AVG) for all accents. Our analysis

reveals several key findings:

1https://accenttts.github.io/



Subjective Evaluation Results

The SYNTACC model fails to generate intelligible speech when trained without pretrained weights,

producing completely incomprehensible output. This failure mode stems from the insufficient training

data available for learning accent-dependent components from scratch, establishing this configuration as

our worst-performing baseline.

Notably, single-accent YourTTS models achieve superior Accentedness scores (mean = 4.2) but demon-

strate significantly poorer performance on Sim-MOS tests (mean = 2.9). We attribute this to their special-

ized fine-tuning on only four accented speakers, which compromises their multi-speaker generalization

capability.

Our proposed SYNTACC model with pretrained weights demonstrates significant improvements, outper-

forming the baseline multi-accent TTS by 39 % in Accentedness (3.9 vs. 2.8 average) while maintaining

comparable Sim-MOS scores. This performance gap suggests that our adaptive weighting mechanism

more effectively captures accent-specific phonetic features. All models achieve consistently strong MOS

ratings (3.78-3.99), indicating robust preservation of speech naturalness across configurations.

Interestingly, the Indian accent achieves markedly higher Accentedness scores (4.3 vs 3.6 average for

other accents), likely due to more consistent pronunciation patterns in Indian English that facilitate model

learning. The similar performance between SYNTACC configurations with frozen versus fine-tuned

shared weights suggests that accent-specific adaptation occurs primarily in the specialized components.

Objective Evaluation Results

Models WER
IND ES VN ZH AVG

YourTTS specific-accented 2.4 3.5 3.7 3.9 3.4
Baseline 1.9 3.2 3.3 3.5 3.0
YourTTS _ _ _ _ 0.8
SYNTACC

+freeze shared weights 2.1 3.2 3.5 3.8 3.15
+fine-tune all 1.8 3.3 3.1 3.2 2.85

Table 4.2.: Objective metrics

All experimental models exhibit elevated WER compared to the original YourTTS, with SYNTACC (full

fine-tuning) achieving the lowest WER (2.85). The Indian accent again shows superior performance

(WER = 2.4) compared to other accents, which we hypothesize results from greater representation of

Indian-accented speech in the ASR training data Nguyen et al. (2021).



4.4. Conclusion

To conclude, this chapter has presented our SYNTACC model with a weight factorization method, which

shows great promise for integration into any TTS neural architecture. We also demonstrated how pre-

trained YourTTS weights can enable effective training of the SYNTACC model under low-resource con-

ditions. While our experiments were conducted with a 4-accent TTS model, the method can easily be

extended to additional accents by increasing the size of the accent-dependent components before fine-

tuning. In the next chapter, we aim to explore accent conversion using the SYNTACC model to generate

additional training data.





5. Accent conversion with parallel data synthesized from
SYNCTACC

In the previous chapter, we demonstrated the effectiveness of SYNTACC in multi-accent TTS synthesis

by leveraging adaptive weight factorization. Building upon this capability, we now explore the potential

of SYNTACC as a tool for generating large-scale accented speech data.

A major limitation in existing accent conversion (AC) models, including the approach in Chapter 3, is

the scarcity of parallel training data—paired speech samples. With SYNTACC, we can overcome this

challenge by generating large-scale parallel training data, synthesizing identical sentences in multiple

accents. This significantly enhances data availability, enabling the training of a more robust and accurate

accent conversion model.

In this chapter, we investigate how the combination of SYNTACC-generated parallel data and a larger,

more powerful speech-to-speech model can enhance accent conversion quality. We present our model

architecture, training methodology, and evaluation metrics to assess the effectiveness of our approach.

5.1. Overview

This chapter introduces an autoregressive, reference-free, zero-shot, many-to-one accent conversion sys-

tem designed to be trained in low-resource non-native conditions while enhancing fluency in non-native

speech. One key aspect of this chapter is leveraging the ability of SYNTACC to generate diverse accented

speech with the same text content, enabling the training of parallel AC models, a novel data augmentation

strategy that distinguishes our approach from previous studies.

In chapter 3, we train successfully seq2seq AC on parallel data with mel-spectrogram target. However,

while training with mel-spectrogram targets yields high-quality results under parallel settings, it faces

several limitations. First, mel-spectrograms carry fine-grained acoustic details that are highly speaker-

dependent, making it challenging for the model to generalize across many different speakers and accents.

Second, the continuous nature of spectrograms increases the complexity of the learning task, requiring

the model to precisely predict detailed acoustic features frame by frame.

To address these challenges, we move beyond mel-spectrograms and adopt discrete speech representa-

tions as the target for accent conversion. In recent years, the discrete representation Lakhotia et al. (2021)
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have emerged as a compelling intermediate representation in the field of speech processing . These units,

derived from raw speech signals through various self-supervised learning techniques, offer a compact and

informative representation that bridges the gap between continuous acoustic waveforms and higher-level

linguistic information. This discrete nature facilitates the application of techniques originally developed

for natural language processing (NLP) to speech-related tasks, leading to significant advancements in

speech recognition, synthesis, translation, and more Chang et al. (2024).

5.1.1. Overview of Speech discrete units

Speech discrete units can be broadly categorized into two main types, each capturing different aspects of

the speech signal: semantic units and acoustic units.

Semantic units Semantic units aim to capture the linguistic content and meaning embedded within

the speech. These units are typically derived from models trained using masked language modeling

(MLM) or contrastive learning objectives. Prominent examples of such models include:

- HuBERT (Hidden Unit BERT): Hsu et al. (2021a) Building upon the success of masked language

modeling, this model learns contextualized representations by predicting masked spans of hidden

units from a convolutional neural network (CNN) that processes the raw audio waveform. The

resulting discrete units capture high-level semantic information.

- Wav2Vec 2.0: Baevski et al. (2020a) Wav2Vec 2.0 employs a contrastive objective, where the

model distinguishes between the true masked speech segment and distractor segments. The learned

representations, and subsequently derived discrete units, exhibit strong semantic properties.

Semantic units often exhibit a closer relationship with the phonemic or even lexical content of the speech.

They tend to be more robust to variations in speaker identity, and acoustic conditions, focusing on the

underlying message.

Acoustic units Acoustic units, on the other hand, focus on capturing the fine-grained acoustic details

of the speech signal. These units are typically obtained from auto-encoder based models, which learn to

compress and reconstruct the audio. Key examples include:

- SoundStream: Zeghidour et al. (2021) This neural audio codec employs a residual vector quan-

tization (RVQ) technique to compress audio into a sequence of discrete codes. The resulting

acoustic units represent the detailed acoustic characteristics of the speech, enabling high-fidelity

reconstruction.

- Encodec: Défossez et al. (2022) Similar to SoundStream, Encodec is also a neural audio codec that

utilizes a multi-scale vector quantization approach to produce discrete representations. These units

effectively capture the nuances of the audio signal, including prosody and speaker characteristics.



Acoustic units excel at preserving the acoustic fidelity of the speech and are often used in tasks where

the fine-grained details of the audio are crucial, such as high-quality speech synthesis.

Applications of Speech Discrete Units The emergence of robust speech discrete units has spurred

advancements across various speech processing applications:

- Speech Recognition (ASR): Discrete units provide a more manageable and linguistically mean-

ingful input representation for ASR systems compared to continuous acoustic features. They can

be used to train acoustic models more efficiently and potentially improve robustness.

- Speech Synthesis (TTS): Acoustic units, with their ability to capture fine-grained acoustic details,

are particularly valuable for high-fidelity and natural-sounding speech synthesis. Semantic units

can guide the linguistic content of the synthesized speech.

- Speech Translation: Discrete units can serve as a pivot representation, allowing for translation

between languages without relying on direct acoustic-to-acoustic mapping. Semantic units are

particularly useful for capturing the meaning that needs to be translated. Huber et al. (2023);

Waibel and Fugen (2008); Niehues et al. (2016); Ha et al. (2016); Waibel and Fuegen (2012);

Niehues et al. (2018); Waibel (2019b,a)

- Spoken Language Understanding (SLU): The semantic information encoded in discrete units

can be leveraged for downstream SLU tasks such as intent recognition and slot filling.

- Speaker Recognition and Verification: While semantic units are speaker-invariant by design,

acoustic units retain speaker-specific information that can be utilized for speaker recognition and

verification tasks.

- Audio Compression: The discrete nature of these representations naturally lends itself to efficient

audio compression techniques, as demonstrated by models like SoundStream and Encodec.

By transforming continuous speech signals into sequences of semantic discrete units, these units effec-

tively capture linguistic content while minimizing speaker-specific variations. Previous studies Lakhotia

et al. (2021) show that HuBERT discrete unit is a good representation for speech content and removes

most of the speaker identity, verified by good performance in voice conversion task. But there is no clear

clarification on how HuBERT discrete unit reacts on the accent speech. In the section 5.1.2, we are going

to show our observations on the effect of the accent on HuBERT unit.

5.1.2. Semantic discrete units on accented speech

In this section, we investigate how accent influences the semantic discrete units extracted by HuBERT,

which have been successfully utilized in other speech-to-speech tasks such as speech translation and

voice conversion.



Influencing factors LCSR
Different Speaker but same accent 0.85
Different accent 0.62

Table 5.1.: HuBERT units on accent speech

HuBERT discrete units on accent speech

We employ the HuBERT model Hsu et al. (2021a), trained on general American English data, combined

with K-means clustering (with K = 500) to extract semantic discrete units. In our experiments, general

American English is designated as the target accent, while Indian English serves as the source accent.

We construct a parallel dataset using the CMU-L2 ARCTIC corpus Kominek and Black (2004b); Zhao

et al. (2018), where both Indian-English and general American speakers read identical scripts. Each

speaker’s recordings are processed through HuBERT to generate sequences of semantic discrete units.

To evaluate the similarity between unit sequences, we utilize the Longest Common Subsequence (LCS)

metric. To mitigate the impact of speaking rate variations, consecutive duplicate units are removed

from the sequences. Given that utterance durations vary slightly, we compute the Longest Common

Subsequence Ratio (LCSR), defined as LCSR = LCS
utterance length , using the shorter utterance length in each

pair. Each audio sample ranges between 3 to 5 seconds, and the experiment is conducted over random

1000 data pairs selected from CMU-L2 ARCTIC corpus .Furthermore, we categorize the pair data into

two groups based on whether differences from accent changes or speaker changes within the same accent.

The experimental results are summarized in Table 5.1. As shown in the table, the difference between

accents (e.g., Indian English vs. American English) leads to substantial alterations in the HuBERT unit

sequences compared to the variations observed between different speakers within the same accent. This

accent mismatch results in a noticeable drop in LCSR, from 0.85 to 0.62 .

These findings suggest that the patterns formed by semantic discrete units are sensitive to accent dif-

ferences. Specifically, even though HuBERT is primarily trained to model high-level linguistic infor-

mation, variations in pronunciation between accents are reflected in the unit sequences. The reduced

LCSR indicates that accent-induced pronunciation changes introduce meaningful perturbations in the

semantic representation space. This observation aligns with the intuition that while semantic discrete

units abstract away speaker identity to a certain extent, they still preserve sufficient phonetic detail to

differentiate accents. Consequently, modeling accent conversion at the level of discrete units offers a

promising direction, as it allows for focusing on adjusting pronunciation while minimizing disruption to

the underlying linguistic content and speaker characteristics.



5.1.3. Proposed framework

We regard accent conversion as a sequence-to-sequence task on the semantic discrete units. As illus-

trated in Figure 5.1, we propose a two-stage generative framework for accent conversion, consisting of

a conversion stage that performs pronunciation correction (PC) using a sequence-to-sequence model,

and a speaking stage that synthesizes speech through a native multi-speaker unit-to-speech (U2S) model

conditioned on the discrete units and speaker embeddings.

Figure 5.1.: The workflow of the proposed system

The PC model converts non-native accented speech into discrete representation units in native speech.

Since these discrete units Lakhotia et al. (2021), which are derived from self-supervised clustering on

native speech, effectively separate speech content from speaker identity, they allow for accurate conver-

sion back into native speech while maintaining the original speaker’s voice. The speaking stage employs

a unit-to-speech (U2S) model that synthesizes speech with the prosody and characteristics of the target

accent, conditioned on the converted discrete units and a speaker embedding to preserve the original

speaker’s identity. Furthermore, these units extracted from native speech are inherently easier to convert

back to natural-sounding native speech. While our approach leverages synthetic data for training, all

evaluations are conducted on real speech samples.

By dividing the accent conversion process into two stages and utilizing discrete units extracted from raw

speech as the intermediary representation, our framework allows the speaking stage to operate indepen-

dently of parallel data. This design enables the use of large-scale, unlabeled speech data in the target

accent to train high-quality and diverse speech synthesis models. At the same time, it simplifies the

conversion stage, which can focus solely on learning pronunciation or phoneme-level differences using

parallel data, without requiring the same speaker across source and target samples.

To summary, the main contributions of this chapter are as follows:

- We propose an AC system capable of transforming speech with different accents into native-like

pronunciation while preserving both speaker identity and speech content. Additionally, the pro-

posed framework is capable of prosody conversion and enhances the fluency of non-native speech.



- Since seq2seq pronunciation correction models typically require substantial parallel training data,

we introduce a novel data augmentation strategy to generate additional training samples under

limited non-native data conditions. Parallel synthetic training data is introduced to effectively train

the Voice Conversion (VC) system Ma et al. (2021). We believe it can also be used to train any AC

systems in a parallel fashion without an initial demand for such kind of data.

- We pioneer the use of discrete units in training transformer-based AC models. Drawing inspiration

from the success of self-supervised pretraining in Speech Recognition Pham et al. (2022b) and

Speech-to-Speech Translation Lee et al. (2021), we demonstrate that initializing AC models with

pretrained encoder-decoder architectures significantly improves training efficiency compared to

random initialization.

5.2. Methodology

The below sections presents the three steps for developing the first unit-based accent conversion system.

Initially, we train the Speech-to-Units (S2U) and Unit-to-Speech (U2S) models using a native speech

corpus. Next, we generate parallel training data by training a multi-speaker, multi-accented TTS model

alongside a mono-speaker native TTS model. Finally, the synthesized parallel data is utilized to train the

sequence-to-sequence (seq2seq) pronunciation correction (PC) model.

5.2.1. Speech2Unit model and Multi-speaker Unit2Speech model

Following the optimal configuration proposed in Lakhotia et al. (2021), we utilize the HuBERT model Hsu

et al. (2021a) to extract high-level semantic representations from native speech. HuBERT operates in a

self-supervised manner to learn contextualized embeddings that capture not just acoustic patterns, but

also underlying linguistic and phonemic content. Specifically, we extract continuous features from every

20-ms frame using the sixth transformer layer of a pre-trained HuBERT model, as intermediate layers

have been empirically shown to provide the most semantically rich and stable representations.

To convert these continuous features into discrete semantic units, we apply K-means clustering with

K = 500 centroids trained on the extracted features. Each frame-level embedding is then quantized by

assigning it to the nearest cluster center using Euclidean distance. To reduce redundancy and form a

more compact and informative sequence, we remove consecutive duplicate cluster indices. The resulting

sequence of discrete units serves as a symbolic approximation of the spoken content, capturing the core

semantic structure of the utterance while abstracting away speaker-specific and prosodic variations.

These HuBERT-based semantic units are particularly well-suited for accent conversion tasks, as they

encapsulate linguistic meaning in a speaker-invariant format. This allows the pronunciation correction

module to focus on modifying accent-specific patterns without affecting the overall speech content or

speaker identity.



Figure 5.2.: Step 1 - Traning Speech2Unit(S2U) and multispeaker Unit2Speech(U2S)

YourTTS Casanova et al. (2021), a zero-shot multi-speaker TTS model capable of achieving high voice

similarity for unseen speakers, is selected as the architecture for our Unit-to-Speech (U2S) model. We

treat the discrete units extracted from native speech as text input and train YourTTS on a native speech

corpus with a diverse set of speakers. Consequently, our U2S model can reconstruct native speech from

discrete unit sequences while preserving the original speaker’s identity.

5.2.2. Data augmentation using Multi-accented TTS and Native TTS

The goal of producing synthetic data is to create parallel data that can be used to train the discrete units

seq2seq model. Our approach is to start with a strong base TTS model and enhance it through a multi-

accented adaptation step, allowing control over accent generation. Building on SYNTACC in Section 6,

we adopt YourTTS as the base model and employ weight factorization Pham et al. (2021a) to achieve

multi-accented synthesis. As a result, SYNTACC can generate speech in both multiple voices and varied

accents.

We train YourTTS on the native speaker corpus to generate output audios. The seq2seq PC model’s

outputs are discrete units, hence these training sequences should be consistent. To ensure consistent

voice, style, and accent in synthetic output, we train YourTTS with audio from a single native speaker.

Then applying S2U on synthesized output audios to creates discrete native unit sequences.

Figure 5.3.: Step 2 - Data augmentation using Multi-accented TTS and Native TTS



After training the Native YourTTS and SYNTACC models, we use them to create parallel training data

for the PC. First, we require a large text corpus. Then, for each sentence in this text corpus, we generate

corresponding input and output audio. We produce input audio for each sentence using SYNTACC with

a random speaker and accent. We can additionally modify the synthesized audio by randomizing the

duration noise scale and the inference noise scale of SYNTACC to make the seq2seq PC model more

robust on a variety of input sounds. In contrast to the SYNTACC model, we fix these noise scales when

doing inference native YourTTS, then use S2U to construct a sequence of discrete native units for output

audio. Finally, in the following section, the input non-native audios and matching sequence of discrete

units can be utilized to train the seq2seq PC.

5.2.3. Training the Pronunciation Corrector

Figure 5.4.: Step 3 -Training seq2seq Pronunciation corrector

Our proposed pronunciation corrector (PC) is a Transformer-based sequence-to-sequence model consist-

ing of a speech encoder and a discrete unit decoder. In this work, we investigate the use of both pretrained

encoders and decoders to enhance model performance.

Pretrained Encoder: Wav2Vec 2.0 and HuBERT

The encoder in our PC model is initialized with a self-supervised speech representation model. We

explore two widely used pretrained models: Wav2Vec 2.0 and HuBERT.

HuBERT and Wav2Vec 2.0 apply self-supervised learning to extract meaningful speech representations.

Wav2vec 2.0 uses contrastive learning to distinguish true audio representations from distractors. Hu-

BERT predicts masked frame labels derived from clustered hidden representations, enabling it to learn

without explicit negative samples. While both models share a Transformer-based structure, HuBERT’s

iterative clustering approach makes it particularly effective for discrete unit extraction.

Since our discrete units are extracted from the representations of HuBERT, we use this pretrained model

to initialize the encoder weights. Additionally, we employ Wav2Vec 2.0 with relative attention Pham

et al. (2020) to further improve performance.



Pretrained Decoder: MBart50

BART (Bidirectional and Auto-Regressive Transformers) was introduced as a denoising autoencoder for

text, leveraging the Transformer architecture to reconstruct text sequences from noisy inputs. The core

idea behind BART is to apply a bidirectional encoder to understand the context of a given sentence,

followed by an autoregressive decoder to generate a reconstructed version of the sentence. This structure

allows the model to capture both local and global dependencies in the text, making it particularly effective

for tasks like text generation and sequence-to-sequence learning.

The multilingual extension of BART Lewis et al. (2019), MBART50 Liu et al. (2020b), extends this

denoising autoencoding principle to 50 languages, making it a versatile model for cross-lingual tasks such

as machine translation. By pretraining on a large set of multilingual data, MBART50 learns to generalize

across diverse languages and sentence structures, providing strong cross-linguistic capabilities. This

multilingual pretraining allows MBART50 to effectively map between different languages, enabling it

to perform tasks like translation and text generation in various languages with minimal task-specific

fine-tuning.

Figure 5.5.: MBart architecture Liu et al. (2020b)

MBART is trained using a denoising autoencoding objective, where random noise is introduced into

the input text. The model learns to reconstruct the original text by applying random word masking and

shuffling. The training process consists of encoding a corrupted sentence x̃ into a hidden representation

h using a bidirectional encoder, followed by autoregressive decoding to predict the next token in the

sequence:

h = Tenc(x̃), (5.1)

P(yt |y<t ,h) = Softmax(Tdec(y<t ,h)), (5.2)

where h represents the encoded hidden state, and yt denotes the predicted token at timestep t.

In our approach, the discrete units are derived from English speech data, which we treat as a symbolic

language with structural similarities to written text. This allows us to leverage MBART50’s pretrained



decoder, which has been fine-tuned to handle a broad range of language structures. Given MBART’s

ability to generalize across different languages, we adapt it to our task by replacing its original embedding

layer with a new matrix specifically trained on discrete units extracted from speech. This adaptation

enables the model to handle speech-based discrete units in the same way it processes textual data.

To further optimize the system for accent conversion, we fine-tune the MBART50 model in combination

with Wav2Vec and HuBERT pretrained features. These models are adapted to generate discrete units,

enabling robust pronunciation correction through fine-tuned discrete unit generation. This process en-

hances our system’s ability to perform accent conversion by leveraging MBART50’s powerful sequence-

to-sequence generation capabilities and multilingual generalization, making it suitable for multi-accent

speech synthesis and translation tasks.

5.3. Experiment

5.3.1. Data and training description

5.4. Data and Model Training

The Speech2Unit (S2U) and Unit2Speech (U2S) models are trained using different datasets: the LJSpeech

corpus Ito (2017) for S2U and the LibriTTS-R corpus Zen et al. (2019); Koizumi et al. (2023) for U2S.

LJSpeech consists of 13,100 recordings of a single native English female speaker reading sentences

aloud, providing a clean and consistent speech source. Following the methodology outlined in Sec-

tion 5.2.1, we develop the S2U model specifically for English speech. To build a multi-speaker U2S

system, we train a YourTTS model using discrete units from S2U as input, along with corresponding

speaker embeddings generated by a pretrained speaker encoder Wan et al. (2020), and map them to

target speech waveforms.

For model training and data augmentation, we utilize audio from the LJSpeech corpus to train YourTTS

and fine-tune the SYNTACC model using L2-Arctic Zhao et al. (2018). The L2-Arctic dataset con-

tains non-native English speech from 24 speakers, covering six different accents: Hindi, Mandarin,

Vietnamese, Korean, Spanish, and Arabic. Each speaker records the same 1,152 sentences, resulting

in approximately three hours of speech per accent, making it a low-resource scenario. The SYNTACC

model is fine-tuned, and YourTTS is trained from scratch using hyperparameter settings from their re-

spective original implementations. Additionally, transcripts from the CommonVoice corpusArdila et al.

(2020) are used to generate parallel training data, as described in Section 5.2.2.

To examine the impact of data augmentation on PC performance, we generate one million synthetic ut-

terances using two different strategies. In the non-overlapped sentence strategy, we randomly sample

one million unique sentences from a text corpus and synthesize one non-native speech sample per sen-

tence, each assigned a random accent and speaker. In contrast, the overlapped sentence strategy selects



166,000 sentences and generates six versions of each—one for each accent—using different randomly

selected speakers. In both cases, we generate a single native speech recording per sentence as the corre-

sponding target audio. The second strategy is expected to improve the PC model’s ability to generalize

across diverse accents. Before synthesizing the dataset, we partition the text corpus into training and

validation sets at a 1000:1 ratio. For testing, we use an in-house dataset consisting of approximately

1,000 sentences (three hours of speech) recorded by speakers with Chinese, Indian, Arabic, and Viet-

namese accents. Since none of these speakers appear in the training set, this evaluation setup simulates a

zero-shot learning scenario.

For PC training, we utilize Wav2Vec 2.0 and HuBERT with the Large configuration, both having a hidden

size of 1024. The MBart50 decoder also employs the same hidden size. We adopt a training batch size

equivalent to approximately one hour of speech and apply gradient accumulation to stabilize updates.

The learning rate follows a linear decay schedule, starting at 0.001, and the model converges after ap-

proximately 20,000 updates (around five to six hours of training on a single NVIDIA RTX A6000 GPU

with 48GB RAM). During inference, we use beam search with a beam size of 8 to generate corrected

pronunciations. The implementation of the PC model is based on the Hugging Face framework1.

5.4.1. Evaluation Metrics

Test Perplexity For the PC, we estimate the perplexity on our in-house test data. Perplexity is a measure

of how efficiently a model predicts the next unit in a sequence of units. In our case, it also indicates how

well the PC learns the patterns of native speech and decodes them into discrete units. The perplexity is

computed as:

PPL = exp

(
− 1

N

N

∑
i=1

logP(ui|u1:i−1)

)
(5.3)

where N is the number of units in a sequence, and P(ui|u1:i−1) represents the model’s predicted proba-

bility of the i-th unit given the preceding units.

For each sentence in the test set, we use the native YourTTS model to synthesize a native audio with the

same content, followed by Speech2Unit to generate a ground-truth sequence of units. These ground-truth

sequences serve as a reference for estimating the perplexity of the PC on the test data.

Furthermore, to assess how data augmentation and pretrained encoder-decoder configurations impact per-

formance, we compare different data augmentation strategies and different weight initialization methods

(with and without a pretrained model). The best PC configuration, determined by the lowest test perplex-

ity, is selected for evaluating the subjective metrics of the entire system.

1https://github.com/huggingface

https://github.com/huggingface


Accentedness, Fluency, Speaker Similarity Mean Opinion Score (Sim-MOS), and Mean Opinion

Score (MOS). To assess the overall performance of our system, we employ three subjective evaluation

metrics. A total of 50 randomly selected sentences from the test set are used for evaluation. Each test

sentence undergoes three different evaluations conducted by 20 American participants, who listen to the

synthesized speech and rate its quality on a 5-point scale: 1 (bad), 2 (poor), 3 (fair), 4 (good), and 5

(excellent).

In the Accentedness test, participants evaluate how closely the generated speech resembles native pronun-

ciation. The Fluency test measures the naturalness and smoothness of speech delivery. For the Sim-MOS

test, listeners assess how similar the synthesized speech is to the original target speaker’s voice based on

vocal timbre. After collecting the ratings, we compute the mean scores along with a 95% confidence

interval for all subjective metrics.

We consider three recent baseline systems for comparison. The first one Quamer et al. (2022) is also

based on a sequence-to-sequence architecture: it transforms non-native speech into the mel-spectrogram

of native speech, followed by an external vocoder to reconstruct the waveform. The other two baselines

Jia et al. (2023); Jin et al. (2023a) adopt non-autoregressive approaches with disentanglement networks

that separate accent attributes from the original speech. As their source codes are not publicly available,

we evaluated our system by comparing its outputs with their published audio samples.

5.4.2. Results

Table 7.1 shows that the sentence-overlapping configuration consistently achieves lower text perplexity

than the non-overlapping setting across all weight initialization scenarios. This suggests that datasets

with diverse accents and multiple speakers per sentence are particularly well-suited for the accent con-

version task, as they may enable the pronunciation converter (PC) to more effectively learn to distinguish

among various accents. Regarding weight initialization, the combination of the Wav2Vec encoder and

MBart decoder yields the lowest perplexity. Therefore, this configuration, together with the sentence-

overlapping setting, is chosen for the subjective evaluation.

As shown in Table 7.2, our model outperforms Baseline-1 in all audio quality metrics. This suggests

that native discrete units may serve as a more effective representation than mel-spectrograms for the

accent conversion task. Compared to the other two baselines, our model achieves better performance

in terms of accentedness and fluency, although it is slightly inferior to Baseline-3 in speaker similarity.

This observation indicates that our model might alter the audio more substantially, resulting in outputs

that sound more native but may cause listeners to perceive a change in speaker identity. break The

two non-autoregressive baselines preserve the input audio’s duration while inducing minimal changes in

fluency. This ability to synchronize input and output makes them particularly suitable for applications

like accent-aware video dubbing. In contrast, our system significantly enhances fluency, making it more



Models PPL
No pretrained

+ non-overlapped sentence 3.63
+ overlapped sentence 2.45

Wav2vec encoder + no pretrained decoder
+ non-overlapped sentence 3.21
+ overlapped sentence 2.25

HuBERT encoder + no pretrained decoder
+ non-overlapped sentence 3.28
+ overlapped sentence 2.32

Wav2vec encoder + MBart decoder
+ no sentence overlapped 3.11
+ sentence overlapped 2.16

HuBERT encoder + MBart decoder
+ non-overlapped sentence 3.23
+ overlapped sentence 2.24

Table 5.2.: Test perplexity

Models Accentness Sim MOS Fluency
Input 2.12±0.05 3.31±0.03
Proposed

In-house test 4.46±0.12 3.89±0.09 4.55±0.07
Public test 4.42±0.11 3.95±0.07 4.51±0.06

Baseline-1 3.67±0.11 3.61±0.06 3.83±0.08
Baseline-2 3.65±0.09 3.92±0.05 3.94±0.09
Baseline-3 3.93±0.10 4.23±0.10 3.84±0.10

Table 5.3.: Subjective metrics

appropriate for applications focused on language comprehension. Furthermore, our model demonstrates

consistent performance across both in-house and publicly available test sets.

5.5. Conclusion

In this paper, we have demonstrated that a well-designed controllable accented TTS system can serve

as an efficient tool for generating large-scale parallel training data for accent conversion ). Furthermore,

we believe that this data augmentation approach can be extended to improve the availability of accented

speech data for tasks such as speech recognition and translation. Additionally, we have shown how

leveraging a pretrained encoder-decoder architecture with native discrete units enhances the training of a

many-to-one AC system. Experimental results confirm that our proposed method effectively transforms

speech from unseen speakers into a native accent while improving both fluency and accent accuracy.



In this chapter, we have successfully trained a robust model for the mapping framework, which shows

great promise for accent conversion tasks. However, the mapping framework faces several limitations,

such as slow inference times and mismatches between input and output lengths, which can hinder video

conference applications. In the next chapter, we will explore alternative approaches, focusing on the

disentangle-resynthesis framework, to address these issues and further enhance the flexibility and perfor-

mance of our system.







6. Disentangle-Resynthesis Framework for Accent Conversion

In the previous chapters, our approaches primarily focused on building a direct mapping function from

one accent to another. While this method has shown promising results, it also comes with inherent limita-

tions, such as restricted flexibility in accent control and potential distortions due to direct transformation.

In this chapter, we explore an alternative approach: disentangle-resynthesis. Instead of learning a direct

mapping, this method decomposes speech into distinct components, such as speaker identity, linguistic

content, prosody, and accent. By explicitly modeling these factors, we gain more control over the syn-

thesis process, allowing for more precise accent conversion without affecting speaker identity or fluency.

We begin by detailing the theoretical foundation of disentanglement in speech processing, followed by

our model architecture and training methodology. Finally, we evaluate the performance of this framework

and compare it to the mapping-based approach discussed in previous chapters.

6.1. Overview

In this chapter, we introduce a novel accent conversion (AC) approach that goes beyond accent conver-

sion by explicitly improving the pronunciation of non-native speakers. By leveraging both the non-native

audio and its corresponding transcript, we generate an ideal ground-truth audio with native-like pronun-

ciation while maintaining the original duration , emotion and prosody. This ground-truth data helps the

model learn not only to eliminate accents but also to establish a direct mapping between accented and

native speech.

To achieve high-quality waveform reconstruction for AC, we adopt the end-to-end VITS framework,

which integrates variational inference and adversarial training for natural and expressive speech synthe-

sis. As a result, our system generates speech that closely resembles native pronunciation while preserving

the original speaker’s identity. Evaluation results further confirm that our approach significantly improves

both accent conversion and pronunciation quality.

Direct-mapping AC models from previous chapters, typically based on autoregressive sequence-to-sequence

(seq2seq) architectures, rely heavily on parallel data for training. However, such data—utterances from

the same speakers in different accents—is scarce and difficult to obtain. To mitigate this issue, data aug-

mentation techniques such as text-to-speech (TTS) (in Section 4) and voice conversion (VC) (in Section

3) are employed to generate ground-truth audio for non-native speakers. However, these synthesized

ground-truth recordings often originate from different speakers and exhibit variations in duration and
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prosody compared to the original non-native utterances. While encoder-decoder models with attention

mechanisms can help align input and output sequences, the differences in length make these models less

suitable for applications requiring precise time synchronization, such as real-time video conferencing

and dubbing.

The disentangle-resynthesis AC leverages non-parallel data, which is abundant and diverse. To effec-

tively utilize this data, these models decompose speech into separate features such as speaker identity,

content, prosody, and accent, which are then recombined to generate the original waveform. Content

features are often represented by bottleneck features (BNFs), extracted from self-supervised pre-trained

models Li et al. (2023) (e.g., WavLM Chen et al. (2022), Wav2vec Baevski et al. (2020c), HuBERT Hsu

et al. (2021b)) , ASR bottlenecks Jia et al. (2023), or ASR output in logits form Jin et al. (2023b). How-

ever, BNFs also capture accent-related feature and non-native pronunciation issues. While methods like

adversarial training Jin et al. (2023b)or Pseudo-Siamese networks Jia et al. (2023) attempt to disentangle

accent information, they still struggle to improve pronunciations due to the absence of ground-truth.

Building on the strengths and limitations of existing AC models, we propose a novel framework for

training a disentangle-resynthesis AC model using generated parallel data. Our key hypothesis is that a

TTS system trained exclusively on native speech can learn accent-independent linguistic representations.

Furthermore, this native TTS system serves as a reliable source for generating ideal ground-truth data for

non-native speakers, ensuring native pronunciation while preserving speaker identity, duration, prosody,

and precise alignment with the original non-native audio. These accent-independent representations not

only facilitate the creation of high-quality training data but also enable effective knowledge distillation

into our AC model, enhancing its ability to learn accent-independent features.

Previous studies Zhou et al. (2023); Chen et al. (2024) have used native TTS models to guide AC models,

often by sharing the same decoder and distilling knowledge from the TTS text encoder to the AC encoder.

A key challenge in these approaches is aligning the outputs of the TTS and AC encoders due to their dif-

fering lengths. In Zhou et al. (2023), both models use the autoregressive Tacotron Shen et al. (2018)

architecture, necessitating an external unstable attention mechanism for alignment. Another approach

Chen et al. (2024) employs the non-autoregressive FastSpeech 2 Ren et al. (2021) TTS model. In this ap-

proach, alignment is achieved through an external length regulator based on Montreal Force Alignment,

which uses a GMM-HMM ASR model to upsample the TTS encoder’s output, enabling both encoders to

produce outputs of similar length. This latter method closely aligns with our proposed approach. These

approaches use a separate vocoder to convert mel-spectrograms into waveforms.

The non-autoregressive VITS framework has proven successful in both TTS Kim et al. (2021a) and

Voice Conversion Li et al. (2023). Inspired by this success, we adopt a modified VITS framework for

our AC system due to several advantages. VITS uses internal monotonic alignment, simplifying audio-

text alignment and improving training efficiency. Additionally, as an end-to-end architecture, VITS



eliminates the need for a separate vocoder to convert mel-spectrograms into waveforms, setting it apart

from previous AC methods.

Overall, to further enhance the AC model’s training process, we introduced several key improvements.

In the first stage, we simultaneously pre-train the AC model while training the VITS-based native TTS,

allowing the AC model to learn the distribution of native audio data comprehensively. After training

the native VITS-based TTS, we leverage it to generate ideal ground-truth data for non-native audio, as

described in the next section. In the second stage, we fine-tune the pre-trained AC model using the non-

native input alongside the generated ground-truth output and also distillate knowledge from the native

TTS. In summary, we train the VITS-based TTS model to assist in initializing the weights, generating

ideal ground-truth data, and facilitating knowledge distillation for the AC model.

6.2. Methodology

6.2.1. Training native VITS and pretrained AC model

In the first stage, we pre-train the AC model and train the native TTS model using the VITS framework.

VITS Kim et al. (2021a) is a conditional variational autoencoder architecture enhanced with a normal-

izing flow mechanism Rezende and Mohamed (2015). It comprises three main components: a posterior

encoder, a prior encoder, and a waveform generator. These modules model the distributions qφ (z|x),
pθ (z|c), and pψ(y|z), respectively.

Specifically, qφ (z|x) and pψ(y|z) represent the posterior and data distributions, parameterized by the

posterior encoder φ and the HiFi-GAN waveform generator ψ Kong et al. (2020a), where x denotes the

speech input, z is the latent variable, and y is the generated waveform. The prior distribution pθ (z|c) is

parameterized by the prior encoder θ and further refined by a normalizing flow f . Here, the conditioning

input c can be either audio or text, depending on the specific task configuration.

Our AC and TTS models share several key components, including the HiFi-GAN decoder, posterior

encoder, speaker encoder, F0 encoder, and normalizing flow, as illustrated in Fig. 6.3a. The posterior

encoder receives linear spectrograms xlin as input and samples a latent variable z. This latent represen-

tation z, together with the speaker embedding g produced by the speaker encoder and the F0 sequence

embeddings F0 obtained from the F0 encoder, is passed to the HiFi-GAN vocoder to synthesize the

output waveform.

The AC and TTS models each have separate prior encoders. The AC model’s prior encoder θaudio in-

cludes a content encoder which extracts speech features and a bottleneck extractor to generate a normal

distribution out of BNFs. Previous works have utilized self-supervised pre-trained representations Li

et al. (2023) or ASR features (bottleneck or logits)Jin et al. (2023b) as content encoder outputs. These

features contain information related to content, speaker, and accent. To filter out unwanted information,



Figure 6.1.: Training TTS and pretraining Accent Conversion model

the BNFs are processed by the bottleneck extractor. The TTS model’s prior encoder consists of a text

encoder θtext , which takes the transcript as input. Monotonic Alignment Search (MAS) aligns the text

encoder output with the normalizing flow output, to match the differing lengths for text representations

and audio representations.

The training loss is split into Variational Auto-encoder (VAE) loss and Generative Adversarial Network

(GAN) loss. GAN loss includes adversarial loss Ladv(D) and Ladv(G) for the discriminator and gener-

ator, along with feature matching loss L f m(D) for the generator G . VAE loss consists of reconstruction

loss Lrec (L1 distance between target and predicted mel-spectrogram) and Lkl (KL divergence between

the prior and the posterior). To address training-inference mismatch of VITS, we integrate the full end-to-

end inference during training to improve voice quality. Specifically, L1 distance between ground-truth

xmel and inference output xe2e
mel generated by pψ(x| f−1(z

′
),g,F0), where the latent z

′
is sampled from

pθaudio(z
′ |caudio) or pθtext (z

′ |ctext), and both g and F0 are extracted from speaker encoder and F0 encoder

respectively, is added to reconstruction loss. KL loss Lkl , which sums the KL divergence between the

prior distributions pθtext (z|ctext) and pθaudio(z|caudio), and the posterior distribution qφ (z|x). The overall

training loss for pre-training phase can be expressed:

Lkl = KL(qφ (z|x)||pθtext (z|ctext))+KL(qφ (z|x)||pθaudio(z|caudio)) (6.1)

Lrecon = ||xmel− x̂mel||+ ||xmel− xe2e
mel|| (6.2)

L (G) = Lrec +Lkl +Ladv(G)+L f m(G) (6.3)

L (D) = Ladv(D) (6.4)



6.2.2. Generating ideal ground-truth

Figure 6.2.: Generating ideal ground-truth

The native TTS model trained in the earlier stage is used to generate ground-truth audio corresponding

to each non-native input. We begin by sampling the latent variable z from the posterior distribution of the

non-native audio x. Monotonic Alignment Search (MAS) is then employed to determine the alignment A

that maximizes the log-likelihood of the transformed latent variable f (z) under the distribution pθtext(z
′ |

ctext,A). This alignment is subsequently used to upsample the text input.

z∼ qφ (z|xnon−native) = N(z; µφ (x),σφ (x)) (6.5)

A = argmax logN( f (z); µθtext (ctext ,A),σθtext (ctext ,A)) (6.6)

cupsample = upsampling(ctext ,A) (6.7)

Next, following the inference procedure of VITS, we obtain the latent variable z′ by sampling from

the prior distribution pθtext(z
′ | cupsample), where cupsample denotes the upsampled text input. This latent

variable is then passed through the inverted normalizing flow f−1 to refine its representation. Finally, the

ground-truth audio ŷground-truth is synthesized using the HiFi-GAN decoder from the distribution pψ(x |
f−1(z′),g,F0), where the speaker embedding g and F0 contour are extracted from the corresponding

non-native audio.

In summary, the synthetic ground-truth audio yground-truth is generated from the native transcript with

perfect pronunciation, while leveraging MAS alignment, F0, and speaker embedding from the non-native

audio to preserve the original duration, prosody, and speaker identity.

z
′ ∼ pθtext (z

′ |cupsample) (6.8)



yground−truth = Hi f igan( f−1(z
′
),g,F0) (6.9)

6.2.3. Finetuning AC model with ideal ground-truth and knowledge distillation from

native TTS

Figure 6.3.: Fine-tuning Accent Conversion model with ground-truth and knwoledge distillation from TTS

In the third step, we fine-tune the AC model using the synthetic ground-truth data. The primary goal of

this stage is to enable the model to generate high-quality native speech from non-native input. Specif-

ically, the content encoder processes the non-native speech, while all other components utilize the syn-

thetic ground-truth data, as illustrated in Fig. 6.3. During this stage, we freeze the parameters of all

components except for the bottleneck extractor and the HiFi-GAN decoder. The bottleneck extractor is

fine-tuned to capture accent-independent content representations from the non-native inputs.

To guide this learning, we introduce a distillation loss, formulated as the Kullback–Leibler (KL) di-

vergence between the two prior distributions: pθtext(z | ctext) and pθaudio(z | caudio). The overall training

objective during this fine-tuning stage is defined as:

Ldistill = KL(pθaudio(z|caudio)||pθtext (z|ctext)) (6.10)

L (G) = Lrec +Lkl +Ldistill +Ladv(G)+L f m(G) (6.11)



6.2.4. Overall model architecture detail

Our posterior encoder, HiFi-GAN decoder, normalizing flow, and text prior encoder follow the original

VITS framework Kim et al. (2021a). For the content encoder, we fine-tune a pretrained Wav2Vec 2.0

model on the LibriSpeech and L2-Arctic datasets using CMUdict phoneme labels, and use the bottleneck

features from its final layer as content representations. After fine-tuning, the parameters of the content

encoder are frozen.

To improve text-audio alignment, we use phoneme labels instead of raw text as input to the text encoder.

Both the bottleneck extractor and text encoder share the same Transformer-based architecture as used

in VITS. We retain Wav2Vec 2.0’s downsampling rate of 320 for extracting mel-spectrograms, F0, and

linear spectrograms, and set the HiFi-GAN decoder’s upsampling rate accordingly.

F0 sequences are computed using the YIN algorithm with the same downsampling factor, and the F0

encoder follows the architecture from Wang et al. (2021b). For speaker representation, we adopt the

pretrained speaker encoder from Liu et al. (2021b).

6.2.5. Inference

Our framework supports inference both with and without a transcript. In the absence of a transcript, the

model extracts content information directly from the non-native audio using the content encoder and the

bottleneck extractor within the prior encoder. A latent variable is then sampled from the prior distribution

and used to generate the waveform, conditioned on speaker and prosody embeddings.

When a transcript is available during inference, the system can leverage the text prior encoder instead of

the audio prior encoder, as described in Section 6.2.2, enabling the generation of speech with native-like

pronunciation. This dual-mode inference capability improves the flexibility and quality of the system,

particularly when high-quality transcripts are provided.

6.3. Experiment and Result

6.3.1. Data

We use the LJspeech dataset Ito (2017), which features consistent pronunciation from a single native

speaker. To augment the dataset, we employ FreeVC Li et al. (2023), a voice conversion model, to gen-

erate multi-speaker native-accented utterances from the original voices. The augmented multi-speaker

dataset used in our work consisted of approximately 65,000 utterances from 100 VCTK speakers. These

were generated by augmenting the 13,000 utterances from the LJspeech dataset, with each utterance

paired with five random speaker embeddings from the VCTK corpus Yamagishi et al. (2019). This en-

sured a diverse representation of voices with one specific native-like pronunciation. This augmented

multi-speaker dataset is utilized, enabling the system to be trained in a multi-speaker setting during the



first step. In the second stage, we fine-tune the AC model on the L2ARCTIC dataset Zhao et al. (2018),

featuring 24 accented speakers across 6 accents. For each accent, we select 3 speakers for training and

the remaining speakers for testing. Each speaker’s utterances are split into a training set of 1,032 non

overlap utterances, a validation set of 50, and a test set of 50. The test set, chosen using our competive

ASR model Pham et al. (2020), focuses on utterances with the high average WER (larger than 10) across

all speakers, with assumption that the higher WER rates mean stronger accents.

6.3.2. Evaluation metrics

Subjective tests

Nativeness and Speaker Similarity Tests: Ten participants conducted two evaluations using a 5-point

scale (1-bad, 2-poor, 3-fair, 4-good, 5-excellent). In the Nativeness test, they rated how closely the con-

verted audios resembled native speech. In the speaker similarity test, participants assessed the similarity

between the voice identity of the original input and the converted audio, providing a score out of 5 for

each.

Objective tests

Word error rates (WER), Accent classifier accuracy (ACC) and Speaker Embedding Cosine Simi-

larity (SECS) : To evaluate the improvement in pronunciation, we use the Word Error Rate (WER) from

our competitive seq2seq Transformer ASR model Pham et al. (2020). A lower WER indicates better

intelligibility in the conversion process. SECS is employed to measure speaker similarity by computing

the cosine similarity between speaker embeddings of the original speech and the converted speech. We

utilize the state-of-the-art speaker verification model from Chen et al. (2022) to extract speaker embed-

dings, which suggests that a cosine similarity greater than 0.85 indicates that both audios likely originate

from the same speaker.

Additionally, we train an accent classifier to determine whether an input audio is native or non-native.

The classifier architecture and training setting is similar to Nguyen et al. (2022). We compute two

accuracy scores, one for original non-native audio set and one for converted native audio set. A better

AC is expected to show a larger gap between these two ACCs.

6.3.3. Experimental setup

Trained on both native and non-native audio with ASR loss, the final layer of the content encoder pro-

duces representations that are closely aligned with linguistic content. This results in a model that is more

accent- and speaker-independent, enabling precise mapping from non-native pronunciation to the correct

linguistic information. Consequently, we use the model pre-trained in the first stage as the baseline. The

proposed model refers to the variant fine-tuned in the second stage.



To evaluate the impact of fine-tuning on the synthetic ground-truth data, we train a variant that only

incorporates the knowledge distillation loss Ldistill between the text and audio encoders during the sec-

ond stage. Additionally, we assess the audio quality of the synthetic ground-truth to evaluate system

performance when the correct transcript is available.

The training hyperparameters are set similarly to those in the original VITS, with the system trained for

600,000 steps in the first stage and 200,000 steps in the second stage. Sample evaluation audio files are

available in the accompanying GitHub repository. 1

6.3.4. Result

Table 6.1.: Objective metrics

Models WER ACC SECS
Original 18.3 98.3 1.0
Synthetic ground-truth 5.1 13.9 0.83
Baseline 17.1 18.9 0.82
w/o Synthetic ground-truth 14.3 17.0 0.84
Proposed 12.4 17.2 0.83

The objective metric evaluation, presented in Table 6.1, shows that the proposed method outperforms

all other approaches in terms of Word Error Rate (WER). This indicates that the method successfully

enhances pronunciation, bringing it closer to native speech. Even without the synthetic ground-truth, the

model still benefits from knowledge distillation from the native TTS, though the pronunciation improve-

ment is less pronounced. The synthetic ground-truth, generated from transcripts, achieves a WER of 5.1,

confirming the high quality of these ground-truth audios.

Furthermore, the Speaker Embedding Consistency Score (SECS) remains stable between 0.82 and 0.84

across all configurations, demonstrating that the speaker identity is consistently preserved across all

methods. In terms of Accent Consistency (ACC), the results are somewhat weaker compared to other

metrics. Since the goal is to preserve the prosody of the original audio, which can sometimes reflect

the speaker’s accent, the model occasionally classifies the converted audio as non-native. This prosody

retention may, in some cases, result in less effective accent conversion.

Table 6.2.: Subjective metrics

Models Nativeness Sim-MOS
Original 1.67±0.05 -
Synthetic ground-truth 3.93±0.05 3.84±0.15
Baseline 3.32±0.08 3.94±0.18
w/o Synthetic ground-truth 3.71±0.08 3.9±0.19
Proposed 3.87±0.08 3.85±0.19

1https://accentconversion.github.io/demo

https://accentconversion.github.io/demo


The subjective metric evaluation, also shown in Table 6.2, reveals that our proposed method performs

best in the nativeness test. Similar to the objective evaluation, the Sim-MOS results remain consistent

across all configurations.

6.4. Conclusion

This work presents a significant advancement in accent conversion and native-like pronunciation cor-

rection. Through the introduction of a two-stage training process that leverages VITS framework, we

enable the AC model to better capture the accent-independent feature of speech while maintaining the

speaker’s identity. The use of generated ground-truth data, alongside knowledge distillation from native

TTS, further enhances the system’s ability to correct non-native pronunciations effectively. Objective

and subjective evaluations demonstrate that our approach not only improves accent conversion but also

addresses pronunciation issues, providing a more natural and comprehensible output.



7. Streaming Accent Conversion

In the previous chapter, we introduced a two-stage training framework leveraging the VITS model, en-

abling the accent conversion (AC) system to capture accent-independent speech features while preserving

speaker identity. By integrating native TTS for ground-truth generation and knowledge distillation, our

approach significantly improved both AC and pronunciation correction, as demonstrated by extensive

evaluations.

However, the AC model from the previous chapter is not suitable for streaming applications due to its

reliance on a global attention mechanism, which requires processing entire utterances at once. In this

chapter, we extend the previous work to real-time applications by modifying the architecture by inte-

grating an Emformer encoder and an optimized inference mechanism, ensuring low-latency processing.

Similarly to the previous chapter, we leverage a native TTS model to generate high-quality ground-truth

data, facilitating efficient training. Experimental results show that our streaming AC model achieves

performance comparable to state-of-the-art AC models while maintaining stable latency, making it the

first AC system capable of real-time streaming.

7.1. Overview

People often exhibit accents and mispronunciations while communicating. Accent conversion aims to

enhance intelligibility while preserving content, emotion, and speaker identity. Streaming AC is particu-

larly important for real-time applications such as video conferencing Waibel and Fuegen (2012), where

seamless interaction is crucial. Traditional AC models process full utterances, leveraging long-range

context for accurate accent conversion and pronunciation correction.

However, streaming AC requires real-time speech conversion, posing challenges for existing AC models

that rely on processing entire utterances at once. Unlike non-streaming models, a streaming AC system

must operate incrementally on speech frames or chunks while maintaining naturalness and intelligibility.

In this work, we adapt the previous non-streaming AC model for streaming by modifying its architecture

and training process while leveraging knowledge distillation. To the best of our knowledge, this is the

first streaming AC model capable of both accent conversion and pronunciation improvement.

The previous AC combine both disentangling and mapping approaches into a unified framework in

Chapter 6. We hypothesized that a TTS system trained solely on native speech will produce accent-

independent linguistic representations. Additionally, this native TTS system is able to generate ideal
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ground-truth data for non-native speakers, ensuring native pronunciation, same speaker identity, dura-

tion, prosody, and precise alignment with the original non-native audio. Their AC model leverages TTS

text representations to learn accent-independent features and uses synthetic ground-truth to learn the

mapping function from non-native accent speech to native-like speech. This approach enables both AC

and pronunciation correction while maintaining fast inference due to its non-autoregressive architecture.

Although this model achieves fast inference, it still requires the entire input for prediction, making it

unsuitable for streaming applications. We adopt this approach of using native TTS to generate ideal

ground truth. Recognizing this model as one of the best for AC, we focus on architectural and training

modifications to develop a streaming-capable AC framework while maintaining the performance of its

non-streaming counterpart.

In this chapter, our work proposes the streaming AC by adapting and enhancing the non-streaming AC

models in the previous chapter to operate in a streaming context. Our major contributions include sig-

nificant architectural and training modifications that enable the model to process speech incrementally

while maintaining high performance comparable to non-streaming models. Furthermore, we provide

the implementation source code for streaming inference. This marks a substantial step forward in the

field, as our streaming AC model is the first to effectively perform AC and pronunciation improvement

in streaming fashion.

7.2. Methodology

This section outlines the step-by-step training procedure for our streaming AC model. We first train

a native TTS model, which plays a crucial role in generating high-quality ground-truth data for non-

native speech. Next, we describe the necessary architectural adjustments for streaming AC and explain

the training process using synthetic ground-truth audio. Finally, we detail the inference mechanism for

real-time speech conversion.

7.2.1. Training a Native TTS Model with Prosody and Speaker Preservation

Model Training

We employ the VITS framework Kim et al. (2021a) to train the native TTS model. VITS is a con-

ditional variational autoencoder (CAVE) enhanced with normalizing flow, consisting of three primary

components: a posterior encoder qφ (z|x), a prior encoder pθ (z|c), and a waveform generator pψ(y|z), as

illustrated in Figure 7.1.

To achieve precise text-audio alignment, VITS utilizes Monotonic Alignment Search (MAS). However,

to accelerate training and bypass alignment learning, we leverage the Montreal Forced Aligner (MFA)

McAuliffe et al. (2017) to upsample text representations to match the duration of the audio. The prior

encoder conditions on both the upsampled transcript and the fundamental frequency (F0) sequence.



Figure 7.1.: Native TTS model preserving prosody and speaker identity.

The F0 encoder extracts frame-level F0 embeddings, which are fused with text embeddings before being

processed by a Transformer-based encoder Vaswani et al. (2017c). This encoder, augmented with nor-

malizing flow, generates the prior distribution pθtext (z|c) conditioned on text and prosody features. The

posterior encoder takes linear spectrograms xlin and speaker embeddings g to sample the latent variable

qφ (z|x), while the HiFi-GAN Kong et al. (2020a) decoder reconstructs the waveform y from z.

Mel-spectrograms, F0, and linear spectrograms are computed using a downsampling rate of 320, and

the HiFi-GAN decoder applies a corresponding upsampling rate. The YIN algorithm Kroon (2022)

extracts F0 sequences at the same downsampling rate, and the F0 encoder follows the approach in Wang

et al. (2021b). We use a pre-trained speaker encoder from Liu et al. (2021b). Our training loss and

hyperparameters are aligned with those in Kim et al. (2021a).

Generating Ground-Truth Audio from Native TTS

The trained native TTS model generates high-quality ground-truth audio for each non-native input. First,

MFA aligns the phoneme transcript to the non-native audio and upsamples it to match the audio duration.

Then, following the VITS inference process, a latent variable z
′

is sampled from pθtext (z
′ |cupsample) and

refined via an inverted normalizing flow f−1. Finally, the HiFi-GAN decoder generates the synthetic

ground-truth audio ŷground-truth using pψ(x| f−1(z
′
),g,F0), where g and F0 are extracted from the original

non-native speech.

In summary, the generated ground-truth audio yground-truth retains the speaker’s identity, prosody, and

duration while ensuring native-like pronunciation. This process is formalized by the following equations:

A = MFA(xnon−native,ctext) (7.1)

cupsample = upsampling(ctext ,A) (7.2)

z
′ ∼ pθtext (z

′ |cupsample,F0) (7.3)



yground−truth = Hi f igan( f−1(z
′
),g,F0) (7.4)

This native TTS-based ground-truth generation serves as a crucial component in training our streaming

AC model, enabling efficient learning with high-quality training data.

7.2.2. Streaming Non-Autoregressive Model

Architecture

Conditional Variational Autoencoder (CVAE) architectures have been widely adopted in speech-to-

speech tasks such as voice conversion (VC) Li et al. (2023) and accent conversion Nguyen et al. (2025).

Unlike TTS, which uses text input for the prior encoder, AC and VC models take a content representa-

tion extracted from self-supervised speech models or ASR systems. While TTS involves a one-to-many

mapping from text to audio, AC and VC map continuous content representations to audio in a one-to-one

manner. Consequently, a CVAE structure is not strictly necessary.

To simplify training and inference for streaming AC, we adopt a conventional autoencoder architecture

with four main components: a content encoder, a bottleneck extractor, a HiFi-GAN decoder, and a

speaker encoder. Our content encoder extracts both linguistic content and frame-level prosody features,

eliminating the need for a dedicated prosody encoder. This encoder is pre-trained and remains frozen

during AC model training. The bottleneck extractor removes accents and refines pronunciation, while the

HiFi-GAN decoder reconstructs native-like audio using the extracted content and speaker embedding.

To enable low-latency streaming inference, we replace the Transformer-based ASR model in the original

AC framework with Emformer Hao et al. (2024), a streaming-optimized Transformer variant. Unlike

conventional Transformers, which apply global self-attention to the entire sequence, Emformer divides

the input into fixed-length segments and applies attention within a restricted local context. This ensures

efficient computation while maintaining sufficient contextual information for accurate content extraction.

Emformer processes the input sequence X by partitioning it into overlapping segments:

X = {X1,X2, . . . ,XT}, Xi ∈ RL×d (7.5)

where Xi is the i-th segment of length L, and d is the feature dimension.

Each segment is processed using an attention mechanism constrained to a left context of Cl segments and

a right look-ahead of Cr segments:

Qi,Ki,Vi =WQXi,WKXi−Cl :i+Cr ,WV Xi−Cl :i+Cr (7.6)

where WQ,WK ,WV are learned projection matrices for queries, keys, and values, respectively.



The attention scores are computed as:

Ai = softmax
(

QiKT
i√

dk

)
(7.7)

where dk is the key dimension. The output of the attention layer is then:

Zi = AiVi (7.8)

To maintain efficiency, Emformer incorporates relative positional encoding and a memory mechanism

that caches past segment outputs, allowing the model to retain long-range dependencies without excessive

computation. The final encoded representation is obtained by applying a feed-forward network (FFN)

and residual connections:

Hi = LayerNorm(Zi +Xi) (7.9)

Yi = LayerNorm(FFN(Hi)+Hi) (7.10)

Our Emformer implementation consists of 24 layers, each with a hidden size of 1024, a left context

of 30 frames, a right look-ahead of 8 frames, and a segment size of 4 frames. These settings strike a

balance between latency and model accuracy, enabling real-time accent conversion with minimal delay.

To ultilize advantage of self supervised learning representation, we initialize the weight of our Emformer

by Wav2vec 2.0 weight.

Furthermore, we optimize the Torch Emformer implementation by replacing the standard multi-head

attention with a Flex Attention function Dong et al. (2024), reducing computational overhead. This

modification improves training efficiency by a factor of three and increases batch size by eight times

compared to the original implementation.

The bottleneck extractor was originally based on a WaveNet van den Oord et al. (2016) with non-causal

dilated convolutions, which performed well in prior implementations. Although the bottleneck extractor

and HiFi-GAN decoder were not explicitly designed for streaming, their fully convolutional Waibel

et al. (1989); Sugiyama et al. (1991); Waibel et al. (1987a,b) nature enables chunk-by-chunk processing,

making them viable for real-time applications.

To enhance inference speed, we replace HiFi-GAN V1 with HiFi-GAN V2 and optimize the source code

for efficient streaming inference across all components.

Training

The content encoder is trained on the Librispeech Panayotov et al. (2015) and L2Arctic datasets using

CMU-dict phoneme labels. It is optimized using a combination of CTC and prosody losses:



Figure 7.2.: Training the streaming Accent Conversion model with ideal ground-truth generation.

LASR = (1−α)Lctc +αLprosody (7.11)

where Lprosody is the L1 loss between predicted and ground truth log-F0 values, with an empirically

determined weighting factor α = 0.2.

Our Emformer implementation is optimized for efficiency. The original Torch Emformer exhibited 70%

sparsity in its attention padding mask, leading to unnecessary computations. To mitigate this, we reim-

plemented it using the Flex Attention function Dong et al. (2024), reducing training time threefold and

enabling an eightfold increase in batch size.

After training the content encoder, we pre-train the streaming AC model exclusively on native speech,

ensuring it learns native speech characteristics. In the second stage, we fine-tune it on non-native inputs

paired with native ground-truth outputs. We use a 3:1 ratio of non-native to native data to balance adap-

tation and retention of native speech properties. The HiFi-GAN loss, incorporating mel-spectrogram,

feature, and discriminator losses, is used throughout both training stages.

Streaming Inference

During training, the model leverages future frames to predict accent-converted speech. However, for

real-time inference, we use a chunk-based approach to maintain low latency while ensuring consistent

output.

Due to the model’s non-causal nature, it requires a look-ahead of 0.64s, corresponding to the right context

window of the Emformer, HiFi-GAN, and WaveNet models. During inference, the input is processed

in 0.08s chunks (matching Emformer’s segment length). The system aims to minimize latency while

maintaining smooth output, ensuring streaming and full-segment inference yield identical results.



Inference relies on a Voice Activity Detector (VAD) Sarfjoo et al. (2021) to determine speech segments.

Once speech is detected, the system introduces an initial delay of 0.8s (10 chunks of 0.08s) before

outputting the first two converted chunks and extracting the speaker embedding. This embedding remains

fixed throughout the segment. Audio playback begins once the second chunk is available, ensuring

smooth and uninterrupted streaming. The complete inference procedure is detailed in Algorithm 1.

Algorithm 1 Streaming AC Inference

0: Initialize: output_chunks← [], input_chunks← [], cache← None
0: while start stream do
0: chunk← receive_new_chunk()
0: input_chunks.append(chunk)
0: if len(input_chunks) >= 10 then
0: if cache == None then
0: out, cache← model.forward(input_chunks)
0: else
0: out, cache← model.forward_with_cache(chunk, cache)
0: end if
0: output_chunks.append(out)
0: end if
0: if len(output_chunks) == 2 then
0: player_thread.start_play()
0: end if
0: end while=0

Our streaming framework maintains a system-wide real-time factor (RTF) below 1 for each chunk, typi-

cally achieving around 0.25 on a GTX 1060 6GB. This ensures that the output thread consistently stays

at least two chunks ahead of the playback thread, maintaining a stable latency of approximately 0.8 sec-

onds across various computational devices. This design enables smooth and efficient audio streaming.

Although latency could be further reduced by decreasing the look-ahead receptive field, such optimiza-

tion is beyond the scope of this work. Instead, we prioritize an efficient streaming architecture that

preserves high audio quality.

Importantly, streaming inference is performed without any padding, ensuring output consistency with

offline full-segment processing. After each chunk is processed, model caches—including those for the

Emformer, WaveNet-based modules, and HiFi-GAN—are updated and stored, allowing seamless pro-

cessing of subsequent chunks.

7.3. Experiment and Result

7.3.1. Dataset and Evaluation metrics

We use the same datasets and evaluation metrics as described in the previous chapter on non-streaming

accent conversion. Specifically, we evaluate our model using the L2-ARCTIC corpus for non-native

speech and the Librispeech dataset for native speech. The evaluation metrics include Word Error Rate



(WER), Mel-Cepstral Distortion (MCD), Mean Opinion Score (MOS), and Accent-MOS, as previously

defined. This consistency ensures a fair comparison between the streaming and non-streaming models

7.3.2. Experimental setup

Our streaming AC model is based on the fine-tuned version in the second stage. To assess its perfor-

mance, we compare it with the non-streaming model introduced in the previous chapter Nguyen et al.

(2025).

Some causal streaming voice conversion models have been proposed Yang et al. (2024). However, in our

accent conversion and pronunciation enhancement task, a look-ahead context is essential for accurate

pronunciation improvement. To demonstrate this, we also train a causal streaming variant by replacing

the non-causal CNN and transposed CNN of the Wavenet-based and Hifigan decoder with their causal

counterparts. We analyze the audio quality of synthetic ground truth from the native TTS model. The

training hyperparameters follow those of the original HiFi-GAN Kong et al. (2020a), with the system

trained for 600,000 steps in the pre-training stage and 200,000 steps in the fine-tuning stage. In the both

stages, the mel-spectrogram loss converges to approximately 0.3. Sample evaluation audios are available

in 1.

7.3.3. Result

The objective metric evaluation in Table 7.2 shows that the streaming model performs comparably to

the non-streaming model. Surprisingly, MOSNet assigns a higher score to our accent conversion output

than to the original audio. This suggests that pre-trained MOSNet, which is primarily trained on non-

accented speech, may give lower scores to non-native speech, even when it is real. A MOSNet score

of approximately 4.1 indicates that our generated audio maintains good quality in terms of naturalness.

Additionally, SECS remains stable at 0.85 and 0.84, verifying that the speaker identity is well-preserved

in both settings. The ACC results are weaker compared to other metrics. Since our model aims to retain

the original audio’s prosody, which can sometimes reflect the speaker’s accent, it occasionally classifies

the converted audio as non-native. This prosody preservation may, in some cases, reduce the effectiveness

of accent conversion. The causal streaming model performs worst across all metrics, highlighting the

importance of look-ahead context. Subjective evaluation (Table 7.1) shows similar scores for streaming

and non-streaming models, while strong WER performance indicates high-quality synthetic ground truth.

7.4. Conclusion

This chapter presents the first streaming accent conversion model, demonstrating its ability to synthe-

size high-quality audio with native-like pronunciation in a real-time setting. Our results show that the

streaming model achieves performance comparable to its non-streaming counterpart. We introduced an

1https://accentconversion.github.io/streaming_demo

https://accentconversion.github.io/streaming_demo


Table 7.1.: Subjective metrics

Models Nativeness Sim-MOS
Original 1.12±0.15 -
Synthetic ground-truth 3.93±0.15 4.02±0.17
Causal streaming Model 1.23±0.12 3.75±0.12
Streaming model 3.78±0.18 3.92±0.18
Non-Streaming model 3.87±0.20 3.96±0.19

Table 7.2.: Objective metrics

Models WER ACC SECS MOSNet
Original 18.3 98.3 1.0 3.97
Synthetic ground-truth 4.7 11.5 0.83 4.18
Causal streaming Model 33.5 25.1 0.75 3.01
Streaming model 14.1 16.3 0.85 4.12
Non Streaming model 14.3 17.0 0.84 4.08

effective inference strategy tailored for non-autoregressive accent conversion in a streaming context. Al-

though the current end-to-end latency remains at 0.8 seconds, this can be further reduced by minimizing

the model’s look-ahead receptive field. Future work will focus on lowering latency while preserving

audio quality, as well as optimizing inference efficiency for deployment on low-power devices such as

CPUs.





8. Comparison and Evaluation in Real-World Scenarios

This chapter presents a systematic comparison between two main approaches for this thesis: direct map-

ping approaches, inspired by speech-to-speech translation (presented in chapter 3 and 5), and disentan-

gle–resynthesis approaches, which decompose speech into intermediate representations before resyn-

thesis (presented in chapter 6 and 7). Although both paradigms have shown promising results, their

generalization ability and scalability under different data conditions remain underexplored. In this chap-

ter, we focus on two critical evaluation that are highly relevant for real-world accent conversion systems.

Generalization to Out-of-Domain Accents

A fundamental challenge in accent conversion is the vast diversity of accents worldwide. It is infeasible

for any model to observe all possible accents during training. Therefore, out-of-domain evaluation, where

models are tested on accents unseen during training, is a crucial indicator of robustness and practical

applicability.

In our evaluation, we compare the two approaches on unseen accents, i.e., accents that do not appear in

the training data. This setting simulates real-world deployment scenarios, where systems must handle

speakers with novel or underrepresented accent characteristics.

Scalability with Increasing Training Data

Another key aspect of accent conversion systems is how effectively they leverage additional training

data. Most prior studies, including earlier chapters of this thesis, primarily rely on the L2-ARCTIC

dataset, which, while valuable, is limited in both size and accent diversity. We invested substantial effort

in collecting and recording a large-scale accented speech corpus that covers a wide range of accents and

speakers from different regions of the world. This expanded dataset enables a more comprehensive eval-

uation of accent conversion models under realistic and diverse conditions, and allows us to systematically

study how different approaches benefit from increased data volume and accent variability.

In this chapter, we present how the accent conversion system of this thesis improved with additional data.

Through the external effort of Interactive AI, LLC, Large database of accented speech was collected and

the data was made available for research purpose and this thesis research. The database comprised

approximately 3,000 hours of speech data. The dataset includes speakers with a wide range of non-

native accents, such as Indian, Japanese, Chinese, Vietnamese, French, and Filipino accents, among

others. The recordings cover diverse speakers, speaking styles, and acoustic conditions, making the

corpus substantially more varied than commonly used benchmark datasets. This large and diverse dataset
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allows us to move beyond small-scale, controlled experimental settings and to evaluate accent conversion

systems under more realistic conditions.

To evaluate the generalization ability of accent conversion models to out-of-domain accents, we conduct

a controlled cross-accent experiment using the L2-ARCTIC dataset. L2-ARCTIC contains speech data

from six distinct non-native accents. In each experimental run, we randomly select four accents for

training and reserve the remaining two accents as unseen test accents.

The accent conversion model is trained exclusively on speech from the selected four accents and is

then evaluated on the two held-out accents, which are not observed during training. This setup directly

measures the model’s ability to generalize beyond the accent distributions seen during training and to

handle accent characteristics that differ from those it was optimized for.

To reduce the bias introduced by a particular accent split and to ensure statistical robustness, we repeat

this random selection process ten times, each time using a different combination of four training accents

and two test accents. Performance metrics are then averaged across the ten runs. This repeated random

split strategy provides a more reliable estimate of out-of-domain generalization performance and allows

us to assess how consistently each accent conversion approach performs when confronted with previously

unseen accents.

8.1. Generalization to Out-of-Domain Accents

8.1.1. Experiment

To evaluate the generalization ability of accent conversion models to out-of-domain accents, we conduct

a controlled cross-accent experiment using the L2-ARCTIC dataset. L2-ARCTIC contains speech data

from six distinct non-native accents. In each experimental run, we randomly select four accents for

training and reserve the remaining two accents as unseen test accents.

The accent conversion model is trained exclusively on speech from the selected four accents and is

then evaluated on the two held-out accents, which are not observed during training. This setup directly

measures the model’s ability to generalize beyond the accent distributions seen during training and to

handle accent characteristics that differ from those it was optimized for.

To reduce the bias introduced by a particular accent split and to ensure statistical robustness, we repeat

this random selection process ten times, each time using a different combination of four training accents

and two test accents. Performance metrics are then averaged across the ten runs. This repeated random

split strategy provides a more reliable estimate of out-of-domain generalization performance and allows

us to assess how consistently each accent conversion approach performs when confronted with previously

unseen accents.

For this evaluation, we select the best-performing model from each of the two proposed approaches

introduced in Chapter 3 and Chapter 5, respectively. These models represent the strongest configurations

within their corresponding frameworks and are therefore suitable for a fair and meaningful comparison.



To assess their performance, we modify the evaluation protocol used in the previous chapters. Specif-

ically, we focus on quantifying the improvement of both objective and subjective evaluation metrics in

percentage when the models are trained with more data. The objective metrics include word error rate

(WER), accent recognition accuracy (Acc), and speaker similarity, measured using cosine similarity in

the speaker embedding space. In addition, we conduct subjective listening tests to evaluate perceptual

quality, including accentedness mean opinion scores (MOS) and speaker similarity MOS.

Using both objective and subjective metrics allows us to comprehensively analyze the models’ perfor-

mance in terms of intelligibility, accent reduction, speaker identity preservation, and perceived natural-

ness, particularly in the challenging out-of-domain accent setting.

8.1.2. Result

Overall, both approaches are able to improve the accent characteristics of speech in out-of-domain test

conditions. However, the subjective evaluation 8.1shows that the mapping approach achieves substan-

tially higher perceived nativeness. This can be attributed to the inherent properties of the sequence-to-

sequence architecture, in which the decoder is trained to generate speech patterns that closely resemble

native speech. In contrast, the disentangle-and-resynthesis approach attempts to remove accent-related

information through an ASR-based encoder. In out-of-domain scenarios, this disentanglement is imper-

fect, leading to residual accent leakage and reduced nativeness in the converted speech.

With respect to naturalness and speaker similarity, the disentangle-and-resynthesis approach performs

better because it explicitly preserves the original prosody and speaker-related characteristics of the input

speech. In contrast, the mapping approach discards most of the original prosodic and speaker information

during the encoding process. As a result, although it achieves higher accent nativeness, its output speech

exhibits reduced naturalness and weaker speaker similarity compared to the disentangle-and-resynthesis

approach.

Table 8.1.: Subjective metrics

Models Nativeness MOS Sim-MOS
Original 1.67±0.05 - -
Mapping approach 4.01±0.08 3.7 3.75±0.19
Disentanglement-Resynthesis approach 3.57±0.08 4.05 4.06±0.19

Table 8.2.: Objective metrics

Models WER ACC SECS MOSNet
Original 20.3 98.3 1.0 3.97
Mapping approach 16.1 13.3 0.85 4.04
Disentanglement-Resynthesis approach 15.7 27.0 0.88 4.18



In terms of objective evaluation, the mapping approach exhibits a higher word error rate (WER). This

is because the translation framework must first interpret the non-native input speech before generating

native-like output. In out-of-domain conditions, mismatches between training and test accents can lead

the model to misrecognize the linguistic content, causing errors in the generated speech, even when the

output sounds fluent and native-like.

Consistent with the nativeness results, the mapping approach achieves higher accent classifier accuracy,

indicating that it produces outputs that are more consistent with the target accent in out-of-domain con-

ditions. In contrast, both SECS and MOSNet scores align with the speaker similarity and naturalness

evaluations, showing that the disentangle-and-resynthesis approach better preserves speaker identity and

overall speech quality compared to the mapping approach.

8.2. Scalability with Increasing Training Data

Through the efforts of Interactive AI, LLC, a large database of accented speech was collected and made

available for research purposes. This database, comprising approximately 3,000 hours of speech, was

used in this thesis research. The corpus covers a broad range of non-native accents, including but not

limited to Indian, Japanese, Chinese, Vietnamese, French, and Filipino accents, and includes speakers

from diverse linguistic backgrounds, age groups, and recording conditions. Compared to commonly

used benchmark datasets such as L2-ARCTIC, this corpus provides substantially greater diversity in

both accent characteristics and speaker variability.

Building on this dataset, we conduct our experiments using the full accented speech corpus, leveraging all

available training data. By training the accent conversion models on the complete 3,000-hour corpus, we

focus on evaluating their scalability and robustness in a large-scale, real-world setting. This setup reflects

practical deployment conditions, where maximizing data utilization is often preferable to operating under

constrained data regimes.

Through this experiment, we aim to examine how accent conversion models behave when trained in a

large-scale data regime and to compare how different approaches exploit extensive accented speech data.

Evaluation is conducted using the same objective and subjective metrics described in previous sections

to ensure consistency and comparability across experimental results.

8.2.1. Data collection

The dataset consists of English speech from speakers with diverse non-native accents, including Indian,

Korean, Chinese, Arabic, Filipino, Japanese, French, and Vietnamese accents. For the initial release, we

recruited a large number of speakers for each accent group to ensure sufficient intra-accent variability.

Speakers were recruited from different regions around the world, with ages ranging from 18 to 43 years.

All participants demonstrated at least a basic level of English proficiency. Participants were allowed to

record speech using their own devices, including laptop microphones and smartphone microphones (e.g.,



iPhones), resulting in recordings collected under a wide range of acoustic conditions. This setup reflects

realistic recording environments, such as home offices and personal rooms, and introduces natural vari-

ability in channel characteristics, background noise, and microphone quality. Such diversity is important

for building accent conversion models that are robust to real-world deployment scenarios rather than

being limited to studio-quality speech. All speakers were instructed to speak in a natural manner. The

recorded speech was sampled at 24kHz and stored in WAV format.

To construct the corpus, we used the full set of sentence prompts from the LibriSpeech dataset. This

choice was motivated by several factors. First, the LibriSpeech prompts are open source and can be used

to produce approximately one hour of curated speech per speaker. Second, the LibriSpeech corpus has

been widely adopted and has demonstrated strong performance in speech synthesis and voice conversion

tasks, making it a reliable source of linguistically rich and phonetically balanced material.

Because recordings were collected in uncontrolled environments with a high degree of freedom in record-

ing devices and acoustic conditions, a rigorous data filtering process was required to ensure transcription

accuracy and overall data quality. We therefore employed two independently developed automatic speech

recognition systems—Whisper and NVIDIA NeMo ASR—to verify the consistency between each audio

sample and its corresponding LibriSpeech prompt.

For each utterance, we decoded the audio using several independently trained ASR systems and com-

pared the recognized text with the original prompt. Utterances for which the ASR outputs showed strong

agreement with the prompt were retained, while samples with large mismatches—indicating misread,

skipped, or incorrectly spoken sentences—were discarded. This multi-ASR consensus strategy signifi-

cantly reduces the inclusion of incorrectly labeled or poorly articulated recordings.

In addition to transcript verification, we also applied signal-level quality checks, including silence detec-

tion, duration thresholds, and basic signal-to-noise ratio filtering, to remove recordings with excessive

noise, clipping, or abnormal speaking rate. Together, these filtering steps yield a high-quality accented

speech corpus suitable for training robust accent conversion. Overall, a total of 1,352 accented speech

hours were collected from 108 accented speakers.1

8.2.2. Experiment

To examine the performance of the proposed models when trained with significantly more data, we

select the best-performing model from each of the two approaches introduced in Chapter 3 and Chapter

5. Both models are retrained using the newly collected accented speech data combined with the L2-

ARCTIC training dataset, excluding a small subset reserved for testing. This allows us to study how the

additional training data impacts their ability to convert accents.

For evaluation, we use a combined test set consisting of the original L2-ARCTIC dataset and the reserved

small subset of newly collected accented speech. In this subset, one speaker is randomly selected for each

1MAcciDat. This corpus was collected externally by Datoid LLC to support this research. For licensing inquiries, please
contact the Interactive AI LLC, Alexander Waibel (alex@waibel.com, alex@interactive-ai.com).



Table 8.3.: Statistics of the accented speech corpus

Accent Number of Speakers Number of Hours
Indian 29 421
Chinese 14 150
Arabic 5 5
Filipino 12 101
Japanese 17 297
French 10 97
Vietnamese 21 282
Total 108 1353

accent, and 100 audio samples are extracted from each chosen speaker. This setup enables us to assess

the models’ generalization to unseen speakers.

All models are evaluated on this combined dataset, and performance metrics are reported to quantify the

improvements resulting from training with the additional accented speech data.

To assess their performance, we modify the evaluation protocol used in the previous chapters. Specif-

ically, we focus on quantifying the improvement of both objective and subjective evaluation metrics in

percentage when the models are trained with more data. The objective metrics include word error rate

(WER), accent recognition accuracy (Acc), and speaker similarity, measured using cosine similarity in

the speaker embedding space. In addition, we conduct subjective listening tests to evaluate perceptual

quality, including accentedness mean opinion scores (MOS) and speaker similarity MOS.

8.2.3. Result

Table 8.4.: Subjective metrics

Models Nativeness Sim-MOS
Mapping approach

Public dataset 3.85 4.01
MaAcciDat 4.05 4.14
Relative improvement +5.7% +3.3%

Disentanglement-Resynthesis approach
Public dataset 3.65 3.75
MaAcciDat 4.01 4.22
Relative improvement +10.1% +12.6%

According to the results summarized in Table 8.5, increasing the amount of training data leads to consis-

tent performance improvements across all evaluation metrics. In particular, models trained with substan-

tially more data show clear gains in intelligibility, speech naturalness, and speaker similarity. This trend

indicates that the proposed accent conversion frameworks are able to effectively leverage additional data,

resulting in more fluent and perceptually native converted speech while better preserving the original

speaker identity. In terms of intelligibility, the mapping approach achieves larger improvements than the



Table 8.5.: Objective metrics

Models WER ACC SECS
Mapping approach

Public dataset 15.1 13.3 0.85
MaAcciDat 10.7 13.01 0.855
Relative improvement 30% 2% 5.1 %

Disentanglement-Resynthesis approach
Public dataset 12.4 18 0.88 %
MaAcciDat 10.6 17.56% 0.883 %
Relative improvement 15.7% 3% 5.2 %

disentangle–resynthesis approach ( 30% vs 15-7% in term of WER), largely because it relies on a sub-

stantially larger model with stronger sequence modeling capacity. This enables more accurate modeling

of linguistic content and pronunciation, which directly contributes to improved intelligibility, especially

when sufficient training data are available.

There is no significant improvement in terms of nativeness for the mapping approach, as it already

achieves high nativeness even with limited training data. In contrast, the disentangle–resynthesis ap-

proach benefits substantially from additional training data: as more data become available, the model

becomes better at disentangling non-native accent characteristics and resynthesizing speech that sounds

more native. With respect to speaker similarity, both approaches benefit similarly from additional train-

ing data, showing no significant difference in their relative gains.

8.2.4. Conclusion

This chapter presented a comprehensive comparison of two major accent conversion paradigms—direct

mapping based on speech-to-speech translation and the disentangle–resynthesis framework—under re-

alistic and challenging evaluation conditions. In particular, we focused on two critical dimensions for

practical deployment: generalization to out-of-domain accents and scalability with increasing amounts

of training data.

The experimental results demonstrate that the mapping approach benefits significantly from large-scale

training data, showing notable improvements in intelligibility when exposed to diverse accented speech.

Its strong modeling capacity enables effective learning of pronunciation patterns across accents; however,

its performance gain saturates more quickly in terms of speech naturalness, which is already high even

under limited data conditions.

In contrast, the disentangle–resynthesis approach exhibits stronger improvements in naturalness and ac-

cent correction as more training data becomes available. With increased data diversity, the model better

separates accent-related factors from content and speaker identity, resulting in more native-like pronun-

ciation while maintaining prosodic and speaker characteristics. This behavior highlights the advantage

of explicit factorization when scaling to broader accent coverage.



Both approaches demonstrate comparable gains in speaker similarity, indicating that speaker identity

can be preserved effectively across paradigms when sufficient training data is provided. Importantly, the

out-of-domain evaluations reveal that disentangle–resynthesis models tend to generalize more robustly

to unseen accents, while direct mapping approaches remain sensitive to accent distributions observed

during training.

Overall, the findings of this chapter emphasize that no single approach universally dominates across all

evaluation criteria. Instead, the choice between direct mapping and disentangle–resynthesis should be

guided by application constraints, available training data, and deployment requirements. These insights

provide valuable guidance for designing scalable and robust accent conversion systems and motivate

future research toward hybrid architectures that combine the strengths of both paradigms.



9. Conclusion and future works

This thesis presents a comprehensive exploration of accent conversion (AC), addressing its core chal-

lenges through a series of innovative models and frameworks designed to improve data availability,

conversion quality, and real-time applicability. We approached AC from both data generation and model

architecture perspectives, demonstrating that leveraging voice conversion (VC) and text-to-speech (TTS)

systems can significantly enhance AC performance, especially in low-resource conditions.

In the first part of this work, we proposed a novel data augmentation using VC models to synthesize

high-quality parallel accent data. The integration of self-supervised learning via pretrained Wav2vec

encoders proved essential in improving performance under limited data conditions. We then introduced

SYNTACC—a lightweight, using weight factorization for TTS—which facilitates accent control and can

be effectively trained even with limited accented traning data.

Following this, we demonstrated how controllable accented TTS systems can be used to generate large-

scale synthetic datasets to train many-to-one AC models. By leveraging native speech discrete units and

pretrained encoder-decoder frameworks, we showed that it is possible to improve both accent accuracy

and naturalness in non-native speech transformation tasks.

To overcome the limitations of the mapping-based AC approach, we investigated a disentangle-resynthesis

framework using VITS. By introducing a two-stage training method and leveraging both generated

ground-truth and teacher-student distillation from native TTS, we achieved accurate pronunciation cor-

rection while preserving speaker identity, emotion and phonetic alignment.

Finally, we presented the first streaming accent conversion system, which enables real-time inference

while maintaining competitive performance with non-streaming models. Our streaming method intro-

duced a non-autoregressive architecture and an efficient inference mechanism tailored for online appli-

cations. Although the current latency of 0.8 seconds is not yet optimal, it lays the foundation for future

research in low-latency AC systems suitable for deployment on edge devices.

After completing five research papers and reflecting on them collectively, We realize that a central contri-

bution of this thesis is the introduction of flexible frameworks and concepts that can be applied across a

wide range of architectures for accent conversion. For example, rather than relying solely on conventional

sequence-to-sequence models for direct mapping, we propose exploring the use of decoder-only trans-

formers translate discrete speech units from non-native to native variants. In the disentangle-resynthesis
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paradigm, we suggest replacing traditional variational autoencoders with more expressive generative

models, such as diffusion-based flow matching Lou et al. (2024), to more effectively synthesize native-

like speech from accent-independent features. Moreover, instead of relying on fixed speaker embeddings,

future work can explore leveraging short speech prompts extracted directly from the input audio to more

effectively preserve speaker identity during conversion. This approach can overcome the limitations of

traditional speaker embeddings, as short speech prompts provide more detailed about the speaker’s voice

characteristics, leading to more accurate identity preservation Liu (2024). The speech recognition trans-

ducer model Zhou et al. (2022) can be considered a promising new direction for the content encoder

architecture, as it effectively combines linguistic, acoustic, and alignment information into a unified rep-

resentation, enabling streaming. However, its performance in accent conversion needs to be evaluated in

future work. Finally, optimizing for real-time streaming accent conversion on edge devices or CPUs is

an important goal for future improvements.

In conclusion, this thesis contributes multiple practical advancements to the field of accent conversion.

From data augmentation to architecture design and streaming deployment, each of these areas tackles a

crucial challenge in accent conversion. Future work will focus on further reducing latency, enhancing

robustness across more diverse accents.
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Since I am not a native English speaker, my written English is not yet perfect. Therefore, I 
used ChatGPT to help paraphrase some paragraphs of my thesis. I did not simply give my 
published papers to a language model to rewrite them. Instead, I reorganized the content of 
my research to build a coherent thesis and wrote it paragraph by paragraph based on my 
own ideas and the connections between the works. After writing each paragraph myself, I 
used ChatGPT to correct grammar and improve the wording to better match a scientific 
writing style. 
I confirm that all scientific content, ideas, and the overall structure of the thesis are entirely 
my own work. I have five published papers on this topic, all based on my original ideas. 
ChatGPT was used only for language improvement and clarity. In addition to the technical 
parts, I also used ChatGPT to help describe how my accent conversion project could 
contribute to the world, such as possible applications of my research. This was limited to a 
small part of the Introduction section. 
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