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Abstract

Speech is fundamental to human communication, distinguishing it from other forms, such as

gestures, body language, and facial expressions, which are shared with other primates. A key

factor in e!ective communication is speech intelligibility, which enables individuals to clearly

convey and comprehend thoughts, emotions, and intentions, fostering meaningful interactions

and social connections. Despite the contributions of paralinguistic features in human speech,

their role in enhancing speech intelligibility, particularly in the context of human-machine

communication, remains inadequately studied. This gap highlights the need for a deeper inves-

tigation into incorporating paralinguistic features into speech synthesis and analysis systems to

improve speech intelligibility and enhance the e!ectiveness of human-machine communication.

This thesis aims to enhance speech intelligibility by enabling machines to better interpret

speaker intentions in human speech and produce more comprehensible machine-generated speech

through the incorporation of paralinguistic features into speech processing systems. To achieve

this, this thesis first introduces a proposed unsupervised, flexible, and perceptually aligned

prosody modeling approach for text-to-speech synthesis (TTS). This approach enables the de-

velopment of a prosody-aware TTS model that achieves natural prosody, strong generalizability,

and fine-grained prosody control, significantly enhancing speech intelligibility compared to ex-

isting TTS systems. This thesis then explores the role of emotion-related paralinguistic tasks in

enhancing a machine’s ability to interpret speaker intentions, proposing a novel training strategy

that prioritizes high-value paralinguistic tasks while mitigating negative transfer, resulting in a

model that better interprets speaker intentions. This thesis further proposes an emotional voice

conversion model that leverages disentangled emotional features to achieve clean and distinct

emotional representations, reducing distortions in converted speech while preserving emotional

clarity and enhancing intelligibility. Extensive experiments conducted with various open-source

datasets demonstrate that these proposed models are superior to the current state-of-the-art

models.
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cles [TSİ+23, KHK+22] and conference papers [HCZS25, HCS24, HCRS21, HTK+22, KTH+22,

CHM22, CHBM24, CHM24, CHMB25], some of which are discussed in this thesis. The follow-

ing provides a exhaustive list of these publications.

Journal Papers

• An Overview of A!ective Speech Synthesis and Conversion in the Deep Learn-

ing Era

Andreas Triantafyllopoulos, Björn W Schuller, Gökçe İymen, Metin Sezgin, Xiangheng
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Chapter 1

Introduction

1.1 Motivation and Objectives

Human speech is the cornerstone of human communication, serving as the primary means

through which individuals convey thoughts, emotions, intentions, and cultural values. It allows

for immediate and dynamic interaction, facilitating real-time feedback and adaptation during

conversations [Lev93]. Central to e!ective communication is speech intelligibility, which refers

to the clarity and comprehensibility of spoken language. Speech intelligibility ensures that

messages are accurately transmitted and understood between speakers and listeners.

Speech intelligibility is a multifaceted concept that involves the following layers of cognitive

processing, which may occur either simultaneously or sequentially [MDBS12].

• The listener needs to perceive the auditory signals as speech, recognizing phonemes and

words by matching sounds to their stored linguistic knowledge;

• The listener interprets the literal meanings of words and sentences using grammar and

vocabulary;

• Beyond literal meanings, the listener must consider prior knowledge, contextual clues,

and non-verbal signals to infer the speaker’s underlying intention, thereby adjusting their

1
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understanding and determining an appropriate response.

Paralinguistic features play a crucial role in facilitating the above three cognitive processes.

Prosodic components like prominence and intonation aid in the recognition of individual words

[VS10a], while phrasing indicates the phrasal organization within a sentence, allowing listeners

to accurately discern its structure [HG14]. Paralinguistic features, including voice quality and

speaker-specific traits, help listeners distinguish between individuals, reducing cognitive load

in multi-speaker environments [Lav94]. Additionally, paralinguistic elements like non-verbal

vocalizations—such as sighs and laughter—are important indicators of the speaker’s intentions

[SC03]. These paralinguistic cues regulate the flow of conversation by signaling turn-taking

and topic shifts [EH05a, GH11]. They also convey the speaker’s emotional state and social sig-

nals, providing additional context beyond the literal words [Cah90]. This enriched information

enhances speech intelligibility by making communication more nuanced and comprehensible.

With the advancement of technology, speech has transcended human-to-human interaction and

become a critical component in human-computer interaction. E!ective communication between

humans and machines relies on the ability of machines to both comprehend natural speech and

synthesize speech responses that are clear and intelligible to humans. However, despite their

importance in human speech, the significant roles that paralinguistic features play in enhancing

speech intelligibility within human-computer interaction have not been well studied. For exam-

ple, machine-synthesized speech often su!ers from unnatural prosody and has not yet achieved

a level of realism indistinguishable from human speech [LHR+24]. Likewise, machines such as

customer service robots still struggle to accurately interpret the true intentions behind human

speech, which hampers their ability to provide e”cient and appropriate responses [WPK+18].

This highlights the need for further research into incorporating paralinguistic features into

speech-processing systems to improve speech intelligibility and enhance the e!ectiveness of

human-computer communication.

In this thesis, we focus on enhancing speech intelligibility by enabling machines to better

understand human speech and making machine-generated speech more comprehensible, through

the incorporation of paralinguistic features into speech processing systems. Specifically, we
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address this through three key areas with three objectives:

• We develop a prosody-aware text-to-speech synthesis (TTS) system. By integrating

prosodic components such as intonation and phrasing into the TTS process, our objective

is to produce machine-generated speech that is more human-like and intelligible;

• We investigate emotion-aided speech dialogue act classification (DAC). Recognizing that

emotions are a crucial paralinguistic phenomenon and that speech dialogue acts reflect

the speaker’s intentions, our objective is to enhance the machine’s understanding of un-

derlying intentions, thus capable of providing e”cient and appropriate responses;

• We explore disentangled emotional features for enhancing Emotional Voice Conversion

(EVC). By disentangling and accurately incorporating emotional features, our objective

is to reduce distortions in machine-generated speech and improve its intelligibility.

1.2 Challenges and Problem Statement

The three areas and objectives presented above pose several challenges. Firstly, despite the

dynamic and variable nature of speech prosody, current transcription systems for prosody have

significant limitations. They often lack flexibility and do not align well with human perception

of prosody, hindering their ability to accurately capture prosodic nuances. Secondly, although

existing studies have explored incorporating paralinguistic features to enhance speech dialogue

act classification via multi-task learning, the utility of emotion-related tasks remains unclear,

and negative transfer phenomena have been observed, which can degrade performance. Thirdly,

current EVC models are prone to transferring emotion-independent information that should be

preserved, leading to severe distortions in the speech after conversion.

In light of these challenges, the contributions of this thesis are to address three primary research

questions (RQ) and two supplementary RQ, which are summarized as follows.

• RQ-1: How can we describe and model prosody to achieve more intelligible

TTS?
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To address this question, instead of using existing prosody labeling systems, this thesis (in

Chapter 3) focuses on exploring a more perceptually aligned, flexible, and unsupervised

approach to model prosody within TTS systems.

• RQ-1a (side): Can the prosody in TTS synthesized speech be customized?

To tackle this question, the modeling of prosody in Chapter 3 is not entirely within an

opaque latent space; rather, it partially employs tokens that are interpretable and control-

lable by humans. This approach allows for the customization of prosody in the generated

speech, enabling users to freely customize the prosodic features of the synthesized speech.

• RQ-2: How can we adjust the training strategy to let paralinguistic features

better facilitate the machine’s understanding of the speaker’s intentions?

To deal with this question, this thesis (in Chapter 4) models the training problem in multi-

task learning as a non-stationary multi-armed bandit problem. This method enables the

selection of useful tasks at di!erent stages of training and helps to avoid negative transfer

phenomena.

• RQ-3: How can emotional features be accurately incorporated into the EVC

model?

To address this question, this thesis (in Chapter 5) explores the use of explicitly dis-

entangled emotional features to obtain clean emotional representations. This approach

prevents information interference when transferring these emotional features, reducing

distortions in the synthesized speech and improving its naturalness and intelligibility.

• RQ-3a (side): Can the speech after conversion be used for data augmentation?

To tackle this question, this thesis (in Chapter 5) investigates using the converted speech

for data augmentation, evaluating its impact on the performance of Speech Emotion

Recognition (SER) models.
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1.3 Thesis Structure

This thesis is structured into six main chapters as follows.

Chapter 1 presents an introduction to the thesis, outlining its motivation, objectives, key chal-

lenges, and research problems, followed by an overview of the thesis structure and publications

included in the thesis.

Chapter 2 provides the general background of the thesis, covering the definition of paralin-

guistics and paralinguistic features, their roles in enhancing speech intelligibility, their existing

labeling or modeling approaches, and the research gaps associated with these approaches.

Chapter 3 presents a prosody-aware TTS system designed to improve the intelligibility of syn-

thesized speech by incorporating prosody. The chapter begins with background information on

the Flow Matching generative modeling framework and the alignment estimation task essential

for TTS. It then discusses the challenges of prosody modeling, including break labeling and

intonation modeling issues, and introduces a novel, perceptually aligned, flexible, and unsuper-

vised approach for prosody modeling. The proposed training objectives, model components,

and information flow during training and inference are detailed. Experimental results, including

model performance, model generalizability, an ablation study, and case studies, are reported.

Chapter 4 introduces a model for emotion-aided speech dialogue act classification, focusing on

improving the machine’s ability to understand speaker intentions through paralinguistic fea-

tures. The chapter begins with an overview of the non-stationary multi-armed bandit problem

and its potential to address limitations in current multi-task learning approaches. It proposes a

novel strategy to dynamically prioritize useful tasks during training while mitigating negative

transfer phenomena. This chapter outlines the proposed model architecture, training strate-

gies, and experimental details. The experimental results on task selection, model performance,

model stability, and misclassification analysis are reported.

Chapter 5 presents an EVC model that incorporates disentangled emotional features to reduce

distortions in synthesized speech while preserving emotional clarity. This chapter begins by
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providing background information on feature disentanglement techniques and the StarGAN

framework, followed by an analysis of the research gaps in emotion modeling for EVC. It

proposes a solution to explicitly disentangle emotional features, capturing clean emotional rep-

resentations and minimizing interference during conversion. The chapter details the model

architecture, training, and inference processes and explores the use of converted speech for

data augmentation, evaluating its impact on the SER task. The experimental results on model

performance and data augmentation are reported.

Chapter 6 summarises the achievements, limitations, and future perspectives. In addition, this

chapter outlines the ethical considerations.

1.4 Included Publications

The publications included in this thesis are as follows.

• ProsodyFM: Unsupervised Phrasing and Intonation Control for Intelligible

Speech Synthesis

Xiangheng He, Junjie Chen, Zixing Zhang, Björn W Schuller

Proceedings of the AAAI Conference on Artificial Intelligence (AAAI) 2025

• Task Selection and Assignment for Multi-Modal Multi-Task Dialogue Act

Classification with Non-Stationary Multi-Armed Bandits

Xiangheng He, Junjie Chen, Björn W Schuller

International Conference on Acoustics, Speech, & Signal Processing (ICASSP) 2024

• An Improved StarGAN for Emotional Voice Conversion: Enhancing Voice

Quality and Data Augmentation

Xiangheng He, Junjie Chen, Georgios Rizos, Björn W Schuller

Conference of the International Speech Communication Association (Interspeech) 2021



Chapter 2

General Background

2.1 Paralinguistics

2.1.1 Definition

‘Paralinguistics’ means ‘alongside linguistics’ (from the Greek preposition ωεϑε) [SB13]. It

refers to phenomena that are distinct from typical linguistic phenomena, such as the structure

of a language, its phonetics, its syntax, its morphology, or its lexical semantics. Paralinguistics

is the study of speech and language, both of which are primary means of communication.

Loosely speaking, paralinguistics focuses on how something is said rather than what is said

[SB13].

The definition of paralinguistics has undergone long-term development and refinement. In this

thesis, the definition follows the lines of [SB13, BHS20, BNB+23, Bat24]. As illustrated in

Figure 2.1, paralinguistics encompasses three vocal and verbal aspects:

1) [-vocal, +verbal], which refers to the connotations of words and phrases in (written)

language, such as sentiment analysis;

2) [+vocal, +verbal], which involves elements modulated onto or entailed in speech, such as

prosody;

7
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Figure 2.1: The definition of paralinguistics (adapted from [Bat24]).

3) [+vocal, -verbal], which includes non-verbal productions embedded within speech, such

as laughter or screams.

In comparison to the definition adopted in this thesis, the literature presents both broader and

narrower definitions of paralinguistics. The broader definition [HRS08] includes all non-verbal

manifestations in conversation, i. e., it also encompasses the [-vocal, -verbal] aspect, such as

facial expressions and gestures in the visual modality. The narrower definition [Cry11] limits

paralinguistics to only [+vocal] aspects, disregarding the tight links between phonetics and

linguistics.

2.1.2 Research Scope of This Thesis

Paralinguistics is an umbrella term that includes a broad field. Paralinguistic features in this

thesis refer to those that serve paralinguistic functions. This thesis focuses on three key par-

alinguistic features: prosodic, emotional, and speaker intention features, along with their inter-

actions.

In Chapter 3, we study how modeling prosody, which falls under the [+vocal, +verbal] aspect

of paralinguistics, improves the intelligibility of synthesized speech.

In Chapter 4, we investigate how incorporating emotional features from both text and speech
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enhances the machine’s understanding of underlying speaker intentions. Text-based emotional

and speaker intention features fall under the [-vocal, +verbal] aspect, while speech-based fea-

tures fall under the [+vocal, +verbal] aspect of paralinguistics.

In Chapter 5, we explore disentangled emotional features to enhance Emotional Voice Conver-

sion. These features are extracted from the spectral envelope, which falls under the [+vocal,

-verbal] aspect of paralinguistics.

2.2 Prosody

2.2.1 Definition

Prosody refers to the rhythmic and melodic aspects of speech [N+97], specifically the patterns

of:

1) intonation, i. e., pitch levels on individual syllables and their combination into contours;

2) phrasing, i. e., the grouping of words into meaningful units or chunks that help convey

the structure and meaning of an utterance;

3) prominence (stress), i. e., the emphasis placed on particular syllables or words within an

utterance;

4) rhythm, i. e., the pattern of stressed and unstressed syllables that give speech its flow and

timing;

5) duration, i. e., the length of time a syllable, word, or phrase is produced;

6) loudness (intensity), i. e., variations in volume across an utterance.

Di!erent prosodic components and their combinations can serve both linguistic and paralinguis-

tic functions. Linguistically, prosodic components assist listeners in the recognition of lexical

words, providing cues to sentence type, syntactic structure, and grammatical boundaries, such
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as using intonation to distinguish between questions and statements. Paralinguistically, on the

other hand, prosodic components can be used for conveying non-literal information, such as a

speaker’s emotions, intentions, or social cues, without altering the grammatical content.

2.2.2 Prosody Enhancing Speech Intelligibility

In the context of enhancing speech intelligibility discussed in this thesis, the boundary between

prosody serving linguistic functions and paralinguistic functions is di”cult to delineate clearly.

For example, prosodic components like intonation can aid in recognizing the grammatical struc-

ture and word identity while also conveying the speaker’s emotional state or attitude, such as

sarcasm or emphasis. This overlap highlights the complex role of prosody in enhancing speech

intelligibility, where linguistic and paralinguistic functions work in tandem to support both

the literal interpretation and the deeper, more nuanced understanding of the message being

communicated. It can be reflected in the following four aspects.

1) Prosody can help resolve ambiguities in speech [ST03]. Prosodic components like phras-

ing help listeners segment the continuous speech stream into meaningful units. These

segmentations imply the phrasal organization in the sentence, allowing listeners to ac-

curately discern the syntactic structure of the sentence and deduce its correct meaning

[HG14];

2) Prosody can aid in the recognition of individual words [VS10a]. Correctly stressed sylla-

bles, combined with syllables that have appropriate durations, can help listeners identify

words more quickly and accurately, improving the overall intelligibility of speech;

3) Prosody can regulate the flow of conversation, indicating turn-taking, topic shifts, and

speaker intent through variations in prosodic elements like intonation, stress, and loudness

[EH05a]. It helps listeners anticipate what comes next and provides cues about when the

speaker is finished or wants to emphasize a point, contributing to a more fluent and

comprehensible exchange;
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4) Prosody can convey the speaker’s emotional state, intentions, and social cues. This

additional information provides context beyond literal words, which makes speech more

intelligible.

2.2.3 ToBI Prosody Transcription System

In order to model and analyze prosody e!ectively in speech analysis and speech synthesis, it is

essential to provide both qualitative and quantitative descriptions of speech prosody. The Tones

and Break Indices (ToBI) transcription system [SBP+92] provides a standardized annotation

framework for labeling the prosody in English speech. A standard ToBI transcription comprises

four tiers of labels aligned with the speech signal according to time:

1) an orthographic tier, which captures the textual content;

2) a tonal tier, used to annotate pitch-related events such as accents and boundary tones;

3) a break index tier, which marks the perceived degree of juncture or the strength of

association between each pair of words;

4) a miscellaneous tier, reserved for supplementary comments or remarks about the utter-

ance.

Next, we will provide a detailed explanation of the tonal tier and the break index tier. It is

important to note that the following discussion pertains exclusively to the English language.

The tonal tier models how speakers use pitch to highlight important information, structure

utterances, and regulate the flow of conversation. It has three key components: pitch accents,

boundary tones, and phrase accents.

Pitch accents are localized pitch movements that occur on stressed syllables, making them

prominent within the speech signal. These pitch movements signal emphasis, contrast, or key

information, helping listeners interpret meaning and structure in speech. In the ToBI system,

pitch accents are labeled using combinations of high (H) and low (L) tones, including:
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• H*: A high-pitch accent marked by a rise in pitch on the stressed syllable;

• L*: A low-pitch accent signifying a drop or sustained low pitch;

• L+H*: A complex pitch accent starting with a low tone and rising to a high tone, often

indicating contrast or focus;

• H+L*: A high tone followed by a falling pitch, typically signaling strong emphasis or a

completed statement.

Boundary tones mark the edges of intonational phrases and indicate the speaker’s intention to

complete or continue speaking. In the ToBI system, the primary boundary tones are:

• H%: A high boundary tone, which typically indicates incompletion or that the speaker

intends to continue speaking;

• L%: A low boundary tone, signaling the conclusion of a thought or a complete statement.

Phrase accents occur between the final pitch accent and the boundary tone, acting as a transi-

tional element that maintains the intonational contour across the phrase. In the ToBI system,

phrase accents are typically categorized as follows:

• H-: A high phrase accent, signaling a rise in pitch, often conveying continuation or

uncertainty;

• L-: A low phrase accent, indicating a pitch fall, typically associated with a more conclusive

tone.

The Break Index tier labels the perceived degree of disjuncture between words, phrases, or

larger prosodic units, implying the phrasing and rhythmic structure of speech. The break

indices range from 0 to 4, each representing a di!erent level of perceptual boundary.
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• Break Index 0: No perceptible boundary. It commonly occurs in cases of liaison or

cliticization, where words are tightly connected and pronounced without a perceptible

break;

• Break Index 1: Normal word boundary. It is the most common break index and represents

a typical boundary between words;

• Break Index 2: Perceived juncture with no intonation e!ect. It indicates a weak yet

noticeable disjuncture between words, suggesting prosodic marking without signaling a

full intonational boundary;

• Break Index 3: Intermediate phrase boundary. It marks a distinct prosodic break. It is

typically linked with phrase accents in the tonal tier, signaling a noticeable separation

without concluding the full intonational phrase;

• Break Index 4: Full intonational phrase boundary. It represents a full intonational phrase

boundary typically occurring at the end of an intonational phrase or an utterance, indi-

cating the completion of a thought or a sentence.

2.2.4 Limitations of ToBI

Although ToBI provides a standardized framework to measure speech prosody, it has been

argued in the literature that ToBI has certain drawbacks [BDKG12].

1) Human perception of prosodic events does not strictly align with the categorical distinc-

tions defined by the ToBI system. Some studies [Dil05, Red03] suggest that listeners

often perceive either more or fewer prosodic categories than those represented in ToBI.

For instance, evidence from various human perception studies [Cal07, WTG08, Dil10]

indicates that human listeners do not perceive contours corresponding to H* and L+H*

as categorically distinct, which leads to issues with inter-transcriber reliability;

2) ToBI lacks a transparent mapping between labeling distinctions and perceptual events,

often requiring annotators to assign labels even in the absence of clear perceptual cues.
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For example, ToBI requires that annotators assign break indices of ‘3’ or ‘4’ even when

there is no perceptual disjuncture, solely based on the presence of a phrase accent or

boundary tone in the tonal tier [Wig02];

3) ToBI fails to label certain distinctions that are critical for linguistic and cognitive studies

[NR03]. For example, ToBI is constrained by a binary system of prominence (accented vs.

unaccented), which does not allow for coding rhythmic patterns of speech, both of which

are important to language acquisition and the perception of mature language [BCF+07].

4) The assumptions of the ToBI system do not generalize well across languages [LMS00],

posing challenges in applying it to languages with di!erent prosodic structures, making

it di”cult for labelers to adopt and use consistently.

The drawbacks of (1) and (2) motivate us to explore a more flexible approach to describe and

model prosody in the text-to-speech synthesis system discussed in Chapter 3, aiming to better

align with human perceptual paradigms.

2.3 Emotion and Speaker Intention

Emotion and speaker intention are important phenomena in paralinguistics. They play a cru-

cial role in enhancing speech intelligibility by providing additional cues that complement the

linguistic content, thereby facilitating the listener’s comprehension. In order to model and

analyze these phenomena e!ectively in speech analysis, it is essential to o!er both qualitative

and quantitative descriptions of them.

2.3.1 Modeling Emotional Features

Previous studies have extensively explored the features of speaker emotions. Two primary

approaches dominate the field: categorical representations of discrete emotion classes and di-

mensional models based on a!ective continua.
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Discrete Emotion Classes

The discrete emotion framework categorizes emotions into distinct classes, such as anger, hap-

piness, sadness, fear, and neutral. These categories are often defined based on universally

recognized facial expressions, physiological responses, and vocal cues [Ekm92]. In speech re-

search, such discrete classes usually operate on labeled datasets [BBL+08, LR18] to enable ma-

chine learning models to identify specific emotion classes from acoustic and prosodic features

[DZMS13, ZCDS14, TTN+17]. The discrete emotion framework provides clear interpretability

and is consistent with the intuitive human understanding of emotions. However, it has been

critiqued for its inability to capture the complexity and overlaps of human emotions, as evi-

denced by the theory of constructed emotion [Bar06, Bar17] and meta-analysis [PWTL02], both

highlighting that emotions are constructed experiences without distinct neural or categorical

boundaries.

Valence-Arousal-Dominance Framework

The Valence-Arousal-Dominance (VAD) framework o!ers a dimensional perspective, describing

emotions along three continuous axes: valence (the pleasantness of a stimulus), arousal (the

intensity of emotion provoked by a stimulus), and dominance (the degree of control exerted

by a stimulus) [WKB13]. This model is able to capture the subtle variations in emotional

expression. For example, while both anger and rage are unpleasant emotions (low valence),

rage has a higher intensity or a higher arousal state. The VAD model’s quantitative nature

allows for finer distinctions between emotions and better accounts for ambiguous or mixed

emotional states [GP10]. However, the interpretation of valence, arousal, and dominance values

is subjective, influenced by individual and cultural di!erences, and requires robust methods to

accurately map speech features to the three-dimensional space.

In Chapter 4, we integrate both discrete emotion recognition and VAD regression tasks as

complementary information sources to provide emotional features for enhancing speech dialogue

act classification. In Chapter 5, we examine clean (disentangled) emotional features to mitigate
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distortion in speech synthesized by the emotional voice conversion model.

2.3.2 Modeling Speaker Intention Features

Speech intelligibility, the clarity and accuracy with which spoken language is understood, is a

core aspect of human communication. It relies heavily on the ability to interpret a speaker’s

intentions beyond their words’ literal meaning. A primary way these intentions are conveyed

is through speech acts [Tom23] and their conversational counterpart, dialogue acts [SRC+00],

which are fundamental to interaction. While speech acts focus on the intent behind individual

utterances, dialogue acts expand this concept to the broader conversational context, considering

the role of each utterance within the flow of a conversation [Wei16]. Dialogue acts cover various

communicative functions, such as statements, questions, backchannels, and apologies, and are

essential for understanding the speaker’s intention and the dynamics of a conversation.

Previous studies proposed various dialogue act tagsets to describe dialogue acts. The DAMSL

(Dialogue Act Markup in Several Layers) framework provides a dimensional annotation system

that captures multiple aspects of dialogue functions, such as ‘Inform’ and ‘Request-Information’

[CA97]. The SWBD-DAMSL (Switchboard DAMSL Tagset), adapted from DAMSL for the

Switchboard Corpus, o!ers 42 discrete classes tailored to spontaneous conversational speech

[SRC+00]. The HCRC Map Task Corpus Tagset focuses on directive and interactional acts and

provides discrete labels like ‘Instruct’, ‘Explain’, and ‘Query-YN’ [ABB+91]. The AMI (Aug-

mented Multi-party Interaction) Corpus Tagset, designed for multi-party meeting dialogues,

introduces discrete categories such as ‘Evaluate’ and ‘Clarify’ for collaborative decision-making

tasks [CAB+05]. The ISO 24617-2 Annotation Standard, established to ensure consistency

across domains and languages for dialogue act annotation, includes core communicative acts

like ‘Statement’, ‘Question’, ‘Promise’, and interaction management acts [BAC+12]. These

tagsets have significantly advanced the annotation and analysis of dialogue acts across various

domains and applications.

Modeling dialogue acts involves identifying and classifying dialogue act tags of each utterance

within a conversation. Early studies employed probabilistic methods to predict dialogue acts,



2.3. Emotion and Speaker Intention 17

leveraging features such as lexical content, syntactic structure, and prosodic cues [SSJ+98,

SRC+00, BGH+11]. With advancements in computational power, neural networks have been

increasingly employed to classify dialogue acts by training on annotated corpora [SRC+00,

SPSB20]. Recent advancements also include integrating other related tasks to capture complex

patterns in dialogue data. For example, [FGEB21] incorporated intent detection and slot-

filling tasks to enhance dialogue act classification, while [SPSB20, SGSB21] introduced emotion-

related tasks for the same purpose.

However, despite being crucial paralinguistic features for enhancing speech intelligibility, the

interaction between speaker intention features and emotional features remains underexplored.

In Chapter 4, we investigate the role of di!erent emotional features in improving dialogue act

classification across di!erent training stages.



Chapter 3

Prosody-aware Text-to-Speech

Synthesis

Prosody contains rich information beyond the literal meaning of words, which is crucial for the

intelligibility of speech. Current TTS models still fall short in many prosody aspects, espe-

cially in phrasing and intonation; they not only miss or misplace breaks when synthesizing long

sentences with complex structures but also produce unnatural intonation. In this chapter, we

propose ProsodyFM, a Prosody-aware TTS model with a flow matching (FM) backbone that

aims to enhance the phrasing and intonation aspects of prosody. ProsodyFM introduces two

key components: a Phrase Break Encoder to capture initial phrase break cues, followed by a

duration predictor to realize flexible adjustment of break durations; and a Terminal Intonation

Encoder which integrates a set of intonation shape tokens combined with a novel pitch processor

for more robust modeling of human-perceived intonation change. ProsodyFM is trained with

no explicit prosodic labels and yet can uncover a broad spectrum of break duration and intona-

tion patterns. Experimental results demonstrate that ProsodyFM can e!ectively improve the

phrasing and intonation aspects of prosody, thereby enhancing the overall intelligibility com-

pared to four state-of-the-art (SOTA) models. Out-of-distribution experiments show that this

prosody improvement can further bring ProsodyFM superior generalizability for unseen com-

plex sentences and speakers. Our case study intuitively illustrates the powerful and fine-grained

18
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controllability of ProsodyFM over phrasing and intonation.

This chapter is based on [HCZS25] ProsodyFM: Unsupervised Phrasing and Intonation Control

for Intelligible Speech Synthesis, a conference paper accepted by AAAI 2025 on August 15,

2024. I am the first author of this paper. I identified key research gaps, proposed improvement

strategies, designed the components of the ProsodyFM model, conducted the entire experimen-

tal process, and wrote the conference paper. The second author, Junjie Chen, contributed by

discussing and refining the initial ideas and experimental design with me and provided insight-

ful input during the revision of the paper. The third and final authors, Prof. Zixing Zhang

and Prof. Björn Schuller, supervised the project throughout, o!ering valuable suggestions and

guidance on manuscript development.

3.1 Introduction

As outlined in Chapter 2.2.1, prosody encompasses several key components of speech, including

intonation, phrasing, prominence, rhythm, duration, and loudness, which convey information

beyond the literal meaning of words. It plays a vital role in enhancing speech intelligibility,

as detailed in Chapter 2.2.2. Although recent TTS systems have achieved great progress in

synthesizing intelligible speech, they still lack in many prosody aspects. The Tones and Break

Indices (ToBI) transcription system provides a standardised framework for measuring speech

prosody and o!ers a potential reference for modelling prosody both qualitatively and quan-

titatively in TTS systems. However, as described in Chapter 2.2.4, ToBI system has certain

limitations, such as the misalignment between human perception of prosodic events and the

categorical distinctions defined by ToBI, and its lack of flexibility in considering human anno-

tators’ perceptual experiences. Given these limitations and the dynamic and variable nature of

speech prosody, we seek a more perceptually aligned, unsupervised approach to model prosody

within TTS systems. In this chapter, we specifically focus on two aspects of speech prosody in

English: phrasing and intonation.

Phrasing refers to grouping words into chunks. An intonational phrase contains a chunk of
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Sentence “I saw the man with the tele-
scope.”

Sentence “I saw the man [break] with the
telescope.”

Figure 3.1: Ambiguity caused by di!erent phrasing.

words with their own intonation pattern. Phrase break in this chapter refers to a perceivable

acoustic pause at the end of intonational phrases (namely, Break Index 4 in the ToBI system).

Phrase break plays an important role in enhancing speech intelligibility [FPYT21]. It implies

the phrasal organization in the sentence, allowing listeners to accurately discern the syntactic

structure of the sentence and deduce its correct meaning. For example, as shown in Figure 3.1

1, the sentence “I saw the man with the telescope.” can be interpreted di!erently depending

on whether there is a break after the word “man”. When the sentence is spoken without

the break, “with the telescope” modifies “the man”, suggesting that the man observed by the

speaker had a telescope. When the break is introduced after “man”, it implies the speaker used

a telescope to see the man. This demonstrates that incorrect phrasing can lead to incorrect

interpretation of the sentence, thereby impairing speech intelligibility. However, due to the

di”culty in obtaining break labels and the variability of break duration, current TTS systems

usually miss or misplace breaks when synthesizing complex sentences.

Intonation, especially terminal intonation, is essential for synthesizing intelligible speech. We

refer to the intonation pattern of the last word in an intonational phrase as the terminal

1These two images are generated by DeepAI AI Image Generator.
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intonation. Terminal intonation carries many linguistic and paralinguistic information in

English. A rising terminal intonation at the end of a sentence usually signals uncertainty or

a request for clarification, while a falling intonation typically indicates certainty or is used to

make statements and assertions [Lib75]. A rising terminal intonation in the middle of a sentence

usually indicates the speaker is not finished yet, while a falling tone indicates the end of the

thought [Bol98]. This information of intonation change can be represented through the change

in the pitch contour [CST22]. However, instead of modeling the relative change in the pitch

contour, previous TTS systems directly model the absolute pitch value. This design choice

hinders their ability to accurately capture natural intonation, as pitch tracking and predicting

absolute pitch values is inherently challenging.

To address these issues, we propose ProsodyFM, a novel Prosody-aware TTS model based on a

Flow Matching (FM) backbone that enhances both phrasing and intonation aspects of prosody

in an unsupervised manner, resulting in more intelligible synthesized speech. For the break

labeling issue, we introduce a Phrase Break Encoder to capture initial break cues, followed

by a duration predictor to adjust break durations, enabling flexible and accurate modeling

of phrase breaks. For the intonation modeling issue, we employ a set of intonation shape

tokens combined with a novel pitch processor, which e!ectively mitigates pitch tracking errors,

enables more robust modeling of pitch shapes, and aligns more closely with human perception

of intonation changes. ProsodyFM is trained without any prosodic labels and yet can uncover

a wide range of break duration and intonation patterns.

3.2 Background

In this section, we begin by presenting the details of the key technique underlying ProsodyFM:

Flow Matching. We then introduce text–speech alignment as a critical task in TTS and provide

a detailed explanation of the Monotonic Alignment Search method proposed in Glow-TTS

[KKKY20], as ProsodyFM employs the same technique. Next, we present causal evidence

that phrasing and intonation directly improve listeners’ memory and comprehension of spoken
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language and enhance ASR performance. We then compare di!usion- vs. flow-matching–based

generative architectures and non-autoregressive vs. autoregressive frameworks, and justify our

architectural choices. Finally, we discuss TTS evaluation and explain the rationale behind our

evaluation design.

3.2.1 Flow Matching Overview

Generative Modeling

Generative modeling is a machine learning paradigm that aims to capture the underlying proba-

bility distribution of data. This data of interest can be complex, encompassing high-dimensional

and multimodal structures such as natural images, speech signals, and textual data, as well

as intricate biological and physical systems. By learning the intrinsic patterns and structures

present within the observed data, generative models enable the synthesis of new data points

that are statistically consistent with the original data.

Formally, the generative modeling task can be described as having data samples x1, x2, . . . , xn

drawn from an unknown target distribution p1(x). The objective is to leverage these samples to

learn a probabilistic model that approximates p1(x). Most generative models can be uniformly

conceptualized as the process of learning a transformation ϖ : Rd → Rd that maps samples from

a known simple distribution p0(x) to the target distribution p1(x). In this way, by sampling

from the simple distribution x0 ↑ p0(x) and applying the learned transformation ϖ, the model

can generate new samples ϖ(x0) that are approximately distributed according to p1(x).

Normalizing Flows

Normalizing Flows (NFs) are a class of generative models that operate by transforming a simple

distribution through a series of invertible mappings, thereby generating a more complex and

potentially multimodal distribution.

Let Rd denote the data space. Let ϖ : Rd → Rd be a invertible continuously di!erentiable
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function that maps elements of Rd onto Rd. Its inverse function ϖ
→1 : Rd → Rd is also

continuously di!erentiable. Let p0(x) be a known distribution on Rd and p1(y) be the induced

distribution of y obtained after transforming the sample x of p0(x) by the mapping ϖ.

x ↑ p0 y = ϖ(x),

The density of p1(y) can be computed through the change-of-variable theorem:

p1(y) = p0(ϖ
→1(y))

∣∣∣∣det
[
ϱϖ

→1

ϱy
(y)

]∣∣∣∣ (3.1)

where the ωε
→1

ωy
is the Jacobian matrix of the inverse map.

In practical applications, it is often necessary to transform a simple distribution p0 (e. g., a

Gaussian distribution N (0, I)) into a complex distribution that approximates the data distri-

bution of real images or speech signals. A single, simple transformation ϖ is typically insu”cient

to achieve this objective. Consequently, neural networks are employed as flexible transforma-

tions, denoted as a flow ϖϑ. Let the parametric density induced by the flow ϖϑ be denoted as

p1 ↭ [ϖϑ]#p0.

The central task then becomes optimizing the neural network’s parameters ς. A straightforward

objective for learning the parameters ς ↓ # is to maximize the log-likelihood (or equivalently,

minimize the negative log-likelihood) over the training dataset D.

argmax
ϑ

Ey↑D [log p1(y)]

Optimizing this objective requires computing the determinant of the Jacobian matrix of ϖ→1

ϑ
.

However, computing this determinant is generally computationally expensive for a single highly

complex transformation ϖϑ. To alleviate the computational complexity, residual normalizing

flows [BGC+19] represent the Jacobian as a perturbation uk(x) with a scaling factor φ of a

simplified base transformation.
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ϖk(x) = x+ φuk(x) (3.2)

Low-rank residual normalizing flows [BHTW18] utilize the low-rank perturbation uk(x), o!ering

high computational e”ciency at the cost of reduced expressiveness. In contrast, full-rank

residual normalizing flows [BGC+19] employ a full-rank perturbation uk(x), providing a more

balanced trade-o! between expressiveness and computational e”ciency. One can construct a

new flow ϖK:1 by composing multiple full-rank residual flow modules, each of which allows

e”cient computation of the determinant.

ϖK:1 = ϖK ↔ . . . ↔ ϖ2 ↔ ϖ1.

The log-likelihood of the model is determined by aggregating the Jacobian determinants of each

residual flow module.

log p1(y) = log p0(ϖ
→1(y)) +

K∑

k=1

log det

[
ϱϖ

→1

k

ϱxk+1

(xk+1)

]

where xk+1 = ϖ
→1

K
↔ · · · ↔ ϖ→1

k+1
(y).

Continuous Normalizing Flows

In the residual flow formulation (Equation 3.2), the number of residual flow transformations

K serves as a hyperparameter that requires tuning. Notably, by setting φ = 1

K
and taking the

limit as K → ↗ under certain conditions (uk to be Lipschitz continuous and continuous by the

Picard–Lindelöf Theorem), the composition of residual flows ϖK ↔ · · · ↔ϖ2 ↔ϖ1 can be expressed

as an ordinary di!erential equation (ODE).

dϖt

dt
= ut(ϖt(x0)) (3.3)
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where x0 denote the initial condition. The flow ϖt : [0, 1] ↘ Rd → Rd maps x0 to xt at time t.

The value of xt can be obtained by solving the ODE:

xt ↭ ϖt(x0) = x0 +

∫
t

0

us(xs) ds.

According to the Continuity Equation (also known as the Transport Equation), the distribution

induced by the flow ϖt satisfies the following formula.

ϱ

ϱt
pt(xt) = ≃ (⇐ · (utpt)) (xt) (3.4)

where ut is a vector field ut = [u1

t
, u

2

t
, · · · , ud

t
]↓ mapping Rd → Rd, pt is a scalar field mapping

Rd → R, and xt is a vector xt = [x1

t
, x

2

t
, · · · , xd

t
]↓ in Rd. Combining Equation 3.3 and Equation

3.4, the total derivative of the induced density in log-space yields:

d

dt
log pt(xt) = ≃ (⇐ · ut) (xt). (3.5)

The complete proof process is as follows.

d

dt
log pt(xt) =

1

pt(xt)

d

dt
pt(xt)

=
1

pt(xt)

[
ϱ

ϱt
pt +

ϱ

ϱxt

pt
d

dt
xt

]

=
1

pt(xt)

[
ϱ

ϱt
pt + ⇒⇐xtpt,

d

dt
xt⇑

]

=
1

pt(xt)

[
≃ (⇐ · (utpt)) (xt) + ⇒⇐xtpt,

d

dt
xt⇑

]

=
1

pt(xt)

[
≃pt(xt)(⇐ · ut)(xt)≃ ⇒⇐xtpt, ut(xt)⇑+ ⇒⇐xtpt,

d

dt
xt⇑

]

= ≃ (⇐ · ut) (xt)

The second equation is derived from the application of the chain rule for the total derivative.

The third equation follows from the definition of the inner product and the gradient of the

scalar field, where ⇐xtpt is given by ⇐xtpt =
[

ω

ωx1
t
pt,

ω

ωx2
t
pt, . . . ,

ω

ωxd
t
pt

]
. The fourth equation is
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obtained by substituting the continuity equation (Equation 3.4). The fifth equation results

from the application of the product rule for divergence, and the final equation is derived from

Equation 3.3.

One can parameterize a vector field neural network uϑ : [0, 1] ↘ Rd → Rd and solve the corre-

sponding joint ODE to obtain the induced log density log pt.

d

dt




xt

log pt(xt)



 =




uϑ(xt)

≃ (⇐ · uϑ) (xt)



 (3.6)

Just as in discrete NFs, Continuous Normalizing Flows (CNFs) can be trained by maximizing

the log-likelihood over the training dataset D.

argmax
ϑ

Ex1↑D [log p1(x1)]

This process entails integrating the time evolution of both xt and its log density log pt(xt) as

described in Equation 3.6. This requires computationally expensive numerical ODE simulations

during training and e”cient estimators for the divergence to handle high-dimensional spaces.

Typically, the CNFs training can be significantly slow due to the ODE integration at each

iteration. Consequently, researchers have explored “simulation-free” methods to train CNFs,

eliminating the need for integration during training.

Flow Matching and Conditional Flow Matching

Flow matching is a simulation-free way to train the CNFs models. Back to Equation 3.6, both

ODEs are a function of the parametric vector field uϑ(xt). FM seeks to directly formulate a

regression objective with respect to uϑ(xt).

LFM(ς) = Et↑U [0,1]Ext↑pt

[
⇓uϑ(xt)≃ ut(xt)⇓2

]
(3.7)
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where ut(xt) is a ground truth vector field that induces a probability path pt, namely, they

satisfy the Continuity Equation 3.4. However, this ground truth vector field ut(xt) is unknown.

Conditional Flow Matching (CFM) constructs a known conditional probability path pt|1(xt|x1)

by conditioning on data samples x1 ↑ p1.

pt(xt) =

∫
p1(x1)pt|1(xt | x1) dx1

the conditional probability path pt|1(xt|x1) has certain boundary conditions:

pt=0|1(x | x1) = p0, pt=1|1(x | x1) = N (x; x1, ↼
2

min
I) with ↼min > 0 and ↼min → 0.

It can be shown that if the conditional vector field ut(xt | x1) induces the conditional probability

path pt|1(xt | x1), then the marginal vector field ut(xt) (which is of interest to us) that satisfies

the following Equation 3.8 can induce the marginal probability path pt, namely, the marginal

vector field ut(xt) and the marginal probability path pt satisfy the Continuity Equation 3.4.

ut(xt) = Ex1↑p1|t [ut(xt | x1)] =

∫
ut(xt | x1)

pt|1(xt | x1)p1(x1)

pt(xt)
dx1 (3.8)

ϱpt|1(xt | x1)

ϱt
= ≃⇐ ·


ut(xt | x1)pt|1(xt | x1)


(3.9)

Given that Equation 3.9 and Equation 3.8 hold, we aim to prove that Equation ωpt(xt)

ωt
=

≃⇐ · (ut(xt)pt(xt)) is also valid. The complete proof is shown in Equation 3.10.

This indicates that the objective of optimizing the marginal vector field can be achieved by

optimizing the conditional vector field, as long as the marginal vector field satisfies Equation

3.8. Therefore, the unknown marginal vector field ut(xt) in Equation 3.7 can be replaced by

the conditional vector field ut(xt | x1) according to Equation 3.8, which forms the optimization

objective of CFM.
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ϱpt(xt)

ϱt
=

ϱ

ϱt

∫
pt|1(xt | x1)p1(x1) dx1

=

∫
ϱ

ϱt


pt|1(xt | x1)


p1(x1) dx1

= ≃
∫

⇐ ·

ut(xt | x1)pt|1(xt | x1)


p1(x1) dx1

= ≃
∫

⇐ ·

ut(xt | x1)pt|1(xt | x1)p1(x1)


dx1

= ≃⇐ ·
∫

ut(xt | x1)pt|1(xt | x1)p1(x1) dx1

= ≃⇐ ·
∫

ut(xt | x1)
pt|1(xt | x1)p1(x1)

pt(xt)
pt(xt) dx1



= ≃⇐ ·
∫

ut(xt | x1)
pt|1(xt | x1)p1(x1)

pt(xt)
dx1 · pt(xt)



= ≃⇐ · (ut(xt)pt(xt))

(3.10)

LCFM(ς) = Et↑U [0,1],x1↑p1,xt↑pt|1(xt|x1)

[
⇓uϑ(xt)≃ ut(xt | x1)⇓2

]
(3.11)

It can be demonstrated that the gradient of Equation 3.7 is equivalent to the gradient of

Equation 3.11 (the proof process ensures that Equation 3.8 is satisfied).

⇐ϑLFM(ς) = ⇐ϑLCFM(ς)

This implies that the parametric vector field uϑ(xt) can be e”ciently trained by optimizing

Equation 3.11.

The relationship between the vector fields ut(xt), ut(xt|x1) and their induced marginal and

conditional densities is shown in Figure 3.2.

Gaussian Conditional Probability Path

The CFM objective in Equation 3.11 is applicable to any choice of conditional vector field and

conditional probability path. As a practical implementation, one can construct pt|1(xt | x1) and
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Figure 3.2: Illustration of the relationship between the vector fields ut(xt), ut(xt|x1) and their
induced marginal and conditional densities.

ut(xt | x1) using a general family of Gaussian conditional probability paths.

pt|1(xt | x1) = N (xt;µt(x1), ↼t(x1)
2I) (3.12)

where µt : [0, 1]↘Rd → Rd and ↼t : [0, 1]↘R → R+ are the time-dependent mean and standard

deviation of the Gaussian distribution. The boundary condition at time t = 0 and t = 1 can

be set to:

pt=0|1(x | x1) = N (x; 0, I), pt=1|1(x | x1) = N (x; x1, ↼minI) with ↼min > 0 and ↼min → 0.

There are infinitely many vector fields that can generate this Gaussian conditional probability

path pt|1(xt | x1), such as by adding a divergence-free component to the continuity equation.

While such components do not alter the underlying distribution, they introduce additional

computational complexity. To minimize unnecessary computational overhead, one can opt for

the simplest vector field that corresponds to a linear transformation flow ↽t(xt | x1).

xt ↭ ↽t(xt | x1) = µt(x1) + ↼t(x1)x0, with x0 ↑ p0|1(x0 | x1) = N (x0; 0, I)

According to the change-of-variable theorem 3.1 (or simply the reparameterization trick of

Gaussian distribution), this simple linear flow ↽t(xt | x1) pushes the initial distribution pt=0|1(x0 |
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x1) = N (x0; 0, I) to pt|1(xt | x1) = N (xt;µt(x1), ↼t(x1)2I).

[↽t]#p0|1 = pt|1

The flow’s corresponding conditional vector field ut(xt|x1) takes these two closed forms:

ut(xt | x1) = ↼
↔
t
(x1)x0 + µ

↔
t
(x1) (3.13)

=
↼
↔
t
(x1)

↼t(x1)
(xt ≃ µt(x1)) + µ

↔
t
(x1). (3.14)

where the first equation is computed from ut(xt | x1) =
d

dt
↽t =

d

dt
[µt(x1)+↼t(x1)x0]; the second

equation replace the x0 in the first equation according to xt = µt(x1) + ↼t(x1)x0.

Optimal-Transport Conditional Flow Matching

Optimal-Transport Conditional Flow Matching (OT-CFM) represents a specific case of the

Gaussian conditional probability path. In OT-CFM, the mean and standard deviation are

defined to change linearly over time.

µt(x1) ↭ tx1 and ↼t(x1) ↭ (1≃ t) + t↼min

According to Equation 3.13,3.14, the closed-form conditional vector field is:

ut(xt | x1) = x1 ≃ (1≃ ↼min)x0

=
x1 ≃ (1≃ ↼min)xt

1≃ (1≃ ↼min)t
.

The conditional flow that corresponds to ut(xt | x1) is

↽t(xt | x1) = (1≃ (1≃ ↼min)t) x0 + tx1
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In this case, the conditional flow is represented by the Optimal Transport (OT) displacement

map between the two Gaussian distributions, p0 and p1. In contrast to other complex choices

of vector fields, such as the di!usion vector field, the OT vector field exhibits straight-line

trajectories with a constant velocity. This characteristic potentially simplifies the associated

regression task.

3.2.2 Text-to-speech Synthesis based on OT-CFM

A generative TTS model simulates the distribution of real speech signals given certain conditions

µ, such as the target text with speaker identity. Our goal is to pinpoint a distribution that

maximizes the likelihood of the ground truth speech. Conditional Normalizing Flow [CRBD18]

implicitly models this target distribution by solving an Ordinary Di!erential Equation (ODE)

with which we can find a trajectory that transforms a random sample into speech. FM [LCB+23]

is a paradigm for training Conditional Normalizing Flow by directly regressing the ODE vector

field that defines this transformation. FM requires the conditional constructions of vector fields

and probability paths. Optimal-Transport Conditional Flow Matching (OT-CFM) [LCB+23]

provides a simple and intuitive way to construct conditional probability paths via interpolation,

enhancing the e”ciency of both training and sampling.

3.2.3 Alignment Estimation between Text and Speech

The estimation of alignment between text and speech is a crucial task in TTS systems. Since

the target text typically contains a limited number of words, whereas the corresponding speech

signal has a considerably longer frame length, poor alignment between text and speech can lead

to severe errors, such as skipped phonemes, missing words, and unnatural timing in pronunci-

ation. Previous parallel TTS models, such as FastSpeech[RRT+19] and ParaNet[PPSZ20], ad-

dress this length mismatch between text and speech by extracting alignments from pre-trained

autoregressive TTS models. Glow-TTS [KKKY20], however, introduced Monotonic Alignment

Search (MAS) to estimate alignment without relying on external aligners. MAS operates under
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Figure 3.3: Illustrations of the MAS.

the assumption that the alignment path can only progress forward in time (from left to right)

without any skip or backward steps, aligning well with the objective of the TTS task, where

words or phonemes need to be generated sequentially in time without omissions or reversals.

Monotonic Alignment Search in Glow-TTS

In Grow-TTS, the target conditional distribution of mel-spectrograms, p(x1|c), is modeled by

transforming a conditional prior distribution p(z|c) using a flow-based decoder fdec : z → x1,

where x1 represents the input mel-spectrogram, and c denotes the condition to generate the

mel-spectrogram. The objective is to maximize the log-likelihood of the data samples:

log p1(x1|c) = log p(z|c) + log

∣∣∣∣det
ϱf

→1

dec
(x1)

ϱx1

∣∣∣∣

The prior distribution p(z|c) is an isotropic multivariate Gaussian distribution, where the mean

vector µ = µ1:Ttext and the covariance matrix ↼ = ↼1:Ttext are obtained by the conditional encoder

fenc. Here, Ttext denotes the number of words in the input text. The latent representation z

should have the same length as x1, namely, z = z1:Tmel
, where Tmel denotes the number of frames

in the target mel-spectrogram. MAS searches for the most probable monotonic alignment A

between the phone-level statistics of the prior distribution (µ and ↼) and the frame-level latent



3.2. Background 33

representation of speech z. Specifically, A(j) = i means that the j-th latent representation zj

follows the distribution N (zj;µi, ↼i), where µi and ↼i are the statistics associated with index i.

The goal for training is to find the network parameters ς and the alignment A that maximize

the log-likelihood

max
ϑ,A

L(ς, A) = max
ϑ,A

log p1(x1|c; ς, A)

To avoid the computational intractability to find the global solution, this objective can be

reduced to two steps: (i) finding the most probable monotonic alignment A
↗ for the current

parameters ς, as in Equation 3.15 and (ii) updating ς to maximize the log-likelihood given A
↗.

A
↗ = argmax

A

log p1(x1|c;A, ς) = argmax
A

Tmel∑

j=1

logN (zj;µA(j), ↼A(j)) (3.15)

The MAS is introduced to solve the Equation 3.15. Let Qi,j be the maximum log-likelihood

where the prior statics µi, ↼i are aligned with the latent variable zj.

Qi,j = max
A

j∑

k=1

logN (zk;µA(k), ↼A(k))

Then due to the monotonic assumption (as shown in Figure 3.3), Qi,j can be recursively for-

mulated with Qi→1,j→1 and Qi,j→1.

Qi,j = max(Qi→1,j→1, Qi,j→1) + logN (zj;µi, ↼i)

Using dynamic programming, one can e”ciently find A
↗ by caching Q values and backtracking

from the end of the alignment, where A
↗(Tmel) = Ttext, as illustrated in Figure 3.3 (b).

3.2.4 Prosody–intelligibility Causality

In Chapter 2.2.2, we discussed how prosody facilitates enhanced speech intelligibility. In this

chapter, we present causal evidence demonstrating that the phrasing and intonation aspects

of prosody play a direct role in improving listeners’ memory and comprehension of spoken
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language, as well as contributing to improved performance in ASR systems.

Firstly, previous controlled studies provide clear causal evidence that natural phrasing and in-

tonation reduce listeners’ memory load. [RGN+04] conducted a series of controlled experiments

on how phrasing (pause placement) and intonation (pitch variation) influence memory while

keeping lexical and temporal properties constant. Participants listened to short narrative ut-

terances comprising one to five intonational phrases, presented under four prosodic conditions:

(i) natural speech, (ii) monotone (flattened pitch contour), (iii) pause-free, and (iv) both mono-

tone and pause-free. Memory performance was measured through listeners’ ability to recall the

sentences immediately after hearing them, serving as an index of cognitive load during speech

processing. For short utterances containing one or two intonational phrases, memory perfor-

mance remained high across all conditions; however, as sentence length increased, memory

performance declined substantially when either pitch variation or phrasing cues were removed,

with the steepest decline observed in the five-phrase condition. Complementary controlled

studies [OTO68, Leo73, Fra85, PTGK00] also found reliable memory costs when phrasing and

intonation were selectively degraded. These findings provide clear causal evidence that natural

phrasing and intonation reduce listeners’ memory load by facilitating speech segmentation and

information retention, particularly in longer or syntactically complex utterances.

Secondly, controlled studies show that phrasing and intonation directly shape listeners’ online

comprehension. When segmental content is held constant and only terminal contours are varied

(e.g., H* H-H% vs. L* L-L%), listeners are rapidly biased toward question versus statement

interpretations [HBGT15], indicating a close mapping between boundary tones and utterance

interpretation. Follow-up eye-tracking work on boundary tone processing shows that listeners

exploit these terminal contours before utterance o!set [BHA+17], such that small di!erences

in the final tune are su”cient to shift real-time comprehension without any change to the

words. A review of prosodic boundaries and syntactic ambiguity [SC10] similarly summarizes

controlled studies in which only phrasing is manipulated over the same string, consistently af-

fecting syntactic attachment decisions and reducing ambiguity. Together, these findings provide

clear causal evidence that natural phrasing and terminal intonation patterns directly support

accurate and e”cient online comprehension.
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Finally, there is converging evidence that prosodic phrasing and terminal intonation also im-

prove recognition accuracy in ASR systems. In prosody-dependent recognizers on the BU Radio

News corpus, adding ToBI-style intonational phrase boundary labels to otherwise fixed acoustic

and language models yields up to about 11–13% relative reductions in word error rate (WER)

compared to prosody-independent baselines [CHJC+06]. Experiments in [VS08, VS10b] show

that adding suprasegmental features (F0 contours, break locations, and durations) at the pre-

processing or rescoring stage leads to measurable WER reductions, especially on more complex,

syntactically rich utterances. Related systems for Spanish and Mandarin [CYC+12, MR03]

similarly find that modeling phrase boundaries and terminal contours jointly with words yields

lower WER than word-only models.

In summary, controlled studies that manipulate phrasing or terminal contours provide clear

causal evidence that natural prosodic structure reduces memory load, supports e”cient online

comprehension, and improves ASR recognition accuracy. These findings imply that explicit

phrasing and intonation controls are not just a way to improve MOS, but a principled mech-

anism for enhancing how both humans and recognizers process the signal: when audio is syn-

thesized directly from text—such as long-form content—using these controls to place phrase

breaks and terminal contours in line with linguistic structure should help listeners remember

more, understand more easily, and yield lower WER for downstream ASR.

3.2.5 Architecture Selection

Di!usion vs. Flow Matching

Di!usion-based acoustic decoders, such as Grad-TTS [PVG+21], generate speech by simulat-

ing a reverse stochastic di!erential equation (SDE) that gradually denoises a noise sample

over many small steps, which yields high fidelity but incurs substantial sampling cost because

the steps cannot be easily reduced. In contrast, flow matching decoders learn a determinis-

tic ordinary di!erential equation that maps noise to data, so the trajectory can be integrated

with a much smaller number of larger steps, achieving comparable or better quality at signif-
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icantly lower inference cost. Recent TTS work, including MatchaTTS [MTB+24], VoiceFlow

[GDM+24], and F5-TTS [CNM+25], has shown that conditional or rectified flow matching can

produce high-fidelity speech that matches or surpasses di!usion-based baselines while being

significantly more e”cient in terms of inference speed.

In this chapter, ProsodyFM therefore adopts a flow matching decoder following MatchaTTS.

MatchaTTS trains a TTS model using optimal-transport conditional flow matching and reports

that, at equal ODE steps, flow matching configurations (MAT-4, MAT-10) achieve higher MOS,

lower WER, and better inference speed than the di!usion-based Grad-TTS baselines (GRAD-4,

GRAD-10) in their Table 1. Building on this architecture allows ProsodyFM to retain high

naturalness and robustness while keeping sampling su”ciently fast for realistic computational

budgets.

Autoregressive vs. Non-audoregressive Framework

Recent speech generation systems increasingly adopt autoregressive (AR) audio language mod-

els that operate over discrete speech tokens and unify text and audio generation in a single

backbone. Representative examples include Moshi [DMO+24], Kimi-Audio [DJL+25], Qwen3-

Omni [XGH+25], and Step-Audio 2 [WYH+25]. AR models naturally support streaming and

long-context interaction, and they integrate smoothly with large language model (LLM) capa-

bilities such as instruction following, prompt-based control, knowledge grounding, long-context

reasoning, and tool use. However, their decoding cost grows with output length, and frame–text

alignments are only implicitly modeled; prior work on non-autoregressive TTS has repeatedly

pointed out that AR decoders tend to be slower and more prone to alignment instabilities

(e.g., skipped or repeated words) in long-form speech synthesis [RRT+19, YLH+19, EWT+24,

ZKG+25].

Non-autoregressive (NAR) TTS architectures generate entire utterances (or large chunks) in

parallel, conditioned on explicit frame–text alignment information. This design yields infer-

ence times that are largely independent of sequence length and provides stable, controllable

frame–text alignment. Recent work has also shown that NAR components can be adapted for
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streaming—for example, CosyVoice 2 [DWC+24] employs a chunk-aware causal flow matching

decoder to support both streaming and non-streaming synthesis within a single framework.

However, NAR TTS models do not inherently expose the broad instruction-following and long-

context reasoning capabilities of LLMs; when such capabilities are required, they are typically

accessed through a cascaded pipeline in which an LLM first generates text and a separate TTS

model then renders it as speech, increasing overall system complexity.

In this chapter, the goal is narrower and more focused: to build a prosody-aware TTS system

with explicit phrasing and intonation controls, rather than a general-purpose conversational

audio assistant. Under this setting, the advantages of a NAR backbone—parallel, length-

insensitive inference, explicit frame–text alignment modeling, and stable long-form genera-

tion—are more important than the tight integration with LLM-style reasoning o!ered by AR

audio language models. Given the emphasis on e”cient inference under limited computational

resources and on reliable control of phrase breaks and terminal intonation, ProsodyFM adopts

a NAR architecture.

3.2.6 Evaluation for TTS

Evaluating TTS systems is inherently challenging, as it involves complex, multidimensional

perceptual attributes that are di”cult to quantify reliably. Evaluating TTS systems has tradi-

tionally relied on a combination of subjective and objective methods. Subjective listening tests

such as MOS or CMOS remain the de facto gold standard, because they directly measure hu-

man perception of naturalness, intelligibility, and overall quality. However, these listening tests

are expensive to run, time-consuming, and di”cult to scale. In practice, it is di”cult to recruit

a large and diverse listener panel, which can introduce bias and reduce the reliability of detailed

system comparisons. Objective metrics, in contrast, are automatically computable, inexpensive,

and scale readily to large corpora and model suites. However, widely used measures—such as

ASR-based WER/CER for intelligibility or RMSEf0 and related prosodic distances—capture

only narrow signal properties and typically show at best moderate correlation with human

judgments of overall naturalness [UDL+25]. As a result, contemporary TTS studies routinely
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report both subjective and objective results.

Some recent work has proposed objective metrics with higher correlation to human perception,

including token-based metrics such as SpeechLMScore [MPSW23] and TTScore [UDL+25] for

intelligibility and prosody. However, as shown in [UDL+25], intelligibility evaluation still yields

only moderate utterance-level correlations between MOS and both traditional metrics (e.g.,

WER; 0.34 LCC) and TTScore-int (0.43 LCC). For prosody, the situation is even more chal-

lenging: utterance-level correlations between MOS and traditional metrics (e.g., log F0 RMSE;

≃0.03 LCC) and TTScore-pro (0.06 LCC) remain at a poor degree. These results indicate that

current objective metrics are still far from providing a reliable substitute for human listening

tests, particularly for prosodic evaluation.

Within objective evaluation, an important distinction is between reference-dependent and

reference-free metrics, particularly for prosody. Prosodic naturalness is inherently variable,

as speakers and listeners with di!erent linguistic, dialectal, and cultural backgrounds may

prefer di!erent yet acceptable realizations of the same text. Reference-dependent metrics,

which compare synthesized speech to a specific ground-truth speech recording, mitigate this

variability by anchoring evaluation to a concrete target. In contrast, reference-free metrics

[MPSW23, UDL+25] assess synthesized speech only with respect to the input text and learned

priors over plausible realizations, without requiring a parallel speech recording, and are there-

fore essential when no paired ground-truth speech is available, such as in cross-lingual speech

translation, style transfer, or evaluation on open-domain text.

In this chapter, we adopt a hybrid evaluation strategy combining customized subjective lis-

tening tests with reference-dependent objective metrics. On the subjective side, we design

MOS protocols that separately assess overall quality (MOS), intelligibility (MOSintelligibility),

intonation similarity (MOSintonation), and phrasing similarity (MOSbreak) under both parallel

and non-parallel conditions: 15 utterances with di!erent lengths are rated on a 5-point scale

with 95% confidence intervals by 21 listeners, following detailed written instructions Figure

3.8 and examples for each dimension. On the objective side, we use WER as a proxy for

intelligibility, RMSEf0 for intonation, and an F1 score for phrasing, all computed against
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ground-truth speech recordings; given that ground-truth speech is available in our setting, this

choice of reference-dependent metrics enables fair and controlled comparison across systems.

Future work can focus on developing objective metrics that exhibit stronger correlation with

human perceptual judgments, particularly for prosodic aspects, and on designing reference-free

formulations that remain applicable in the absence of parallel speech.

3.3 Related Works

In this section, we review prior papers in terms of the phrasing and intonation aspects of

prosody in TTS and highlight the existing research gaps.

3.3.1 The Break Labeling Issue

Breaks in speech can be roughly divided into punctuation-based and respiratory breaks [HLL23].

Unlike punctuation-based breaks which are marked by punctuations, respiratory breaks have

no explicit label on the text side. Most of the current TTS systems [MTB+24, LHR+24] have

only considered punctuation-based breaks, resulting in many non-final phrase breaks being

overlooked or misplaced [Tay09].

Some TTS systems explicitly model phrase breaks, with some employing fully supervised ap-

proaches to integrate phrase breaks into TTS. These models [ZLY+21, SAMH22, Slo23] typically

rely on prosody labels derived according to the ToBI annotation system within their training

datasets. However, as discussed in section 2.2.4, due to the complexity of the ToBI system,

accurate annotation can only be provided by trained linguists [BDKG12], resulting in high costs

for data collection and limiting the availability of large-scale annotated datasets. This limited

availability and dataset size restrict the performance of supervised methods in TTS systems,

particularly in this deep-learning era. Moreover, due to the misalignment between human per-

ception and the categorical distinctions defined by ToBI, there is low label agreement among

annotators, which further undermines the performance of fully supervised prosody-aware TTS
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models.

In response, other models have adopted unsupervised approaches to incorporate phrase breaks

into TTS. These models [HLL23, AMM+22, YKS+23] use manually designed thresholds com-

bined with the Montreal Forced Aligner (MFA) [MSM+17] to obtain break labels in an unsu-

pervised manner. More specifically, the MFA automatically aligns phonetic transcriptions with

the corresponding speech signal, mapping each phoneme to its precise time interval. Based

on this alignment, the presence and duration of phrase breaks can be derived. Subsequently,

these models employ manually designed duration thresholds to categorize breaks into di!erent

classes according to their derived duration. However, previous research indicates that the fre-

quency and duration of phrase breaks are influenced by both linguistic phrase structure and

the speaker’s individual speaking style [HLL23]. Given the variability in break durations and

their dependence on speaker-specific factors, these handcraft threshold-based methods struggle

to capture the nuances of speaker-specific variations in break durations adequately.

ProsodyFM tackles this issue by designing a fusion encoder to integrate the obtained initial

break cues with relevant speaker information, and then adjusting the duration with a duration

predictor, enabling flexible modeling of phrase breaks.

3.3.2 The Intonation Modeling Issue

Similar to phrase breaks, fully supervised intonation-aware TTS systems mostly rely on ToBI

for labeling. These systems face the same challenges [LK19], including high annotation costs,

limited data availability, low inter-annotator agreement, and labels that do not align well

with human perception. Almost all the existing unsupervised intonation-aware TTS systems

[RHT+21, MLYH21, HRL+22, LHR+24] directly model the absolute pitch values obtained from

some pitch tracking methods. However, the performance of these systems is constrained by the

following two key drawbacks.

On the one hand, pitch tracking is inherently challenging, and existing pitch tracking methods

frequently yield errors like pitch doubling/halving and incorrect unvoiced/voiced flags [HdL21],
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Figure 3.4: Pitch contours extracted from 5 pitch tracking methods (blue) and our pitch smooth-
ing method (orange).

leading to unreliable results. Figure 3.4 illustrates the pitch tracking results across 5 di!erent

methods. From top to bottom are Harvest [Mor17], DIO [MKK09], SWIPE [CH08], pYIN

[MD14], and Praat [Boe01]. We can clearly observe frequent prediction errors in pitch values

and unvoiced/voiced flags, as well as inconsistencies across these five methods. When these

pitch tracking results are used as labels in the TTS systems, they also introduce frequent

errors, leading to unnatural intonation and negatively impacting the overall performance of the

models.

On the other hand, absolute pitch values cannot reflect the non-linear characteristics of the

perception of pitch di!erences, which are critical for capturing prosodic intonation change.

The perception of pitch di!erences is inherently non-linear [HdL21]; for example, a pitch rise

or fall of the same magnitude is perceived as smaller for a higher-pitched voice (such as that of

a young child or woman) compared to a lower-pitched voice (such as that of a man). Similarly,

when male and female speakers produce utterances that sound intonationally identical to the

listener—i. e., conveying the same linguistic or paralinguistic functions—their absolute pitch

range changes di!er. Specifically, the pitch movements in a female voice tend to be larger, as
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her pitch range is, on average, higher and wider than that of a male voice [HVG91, Gra18].

Some recent findings from human perceptual studies o!er a potential basis for this issue; the

authors in [CC19, CST22] have shown that compared to the detailed pitch values, the

shape of the pitch contour is more important for human perception of intonation

change.

ProsodyFM introduces the intonation shape tokens to model the pitch shape of the last word of

an intonational phrase instead of directly modeling the absolute pitch values. We also employ

a novel pitch processor to interpolate, smooth, and perturb the raw pitch contour to highlight

its shape. The orange line in Figure 3.4 shows an example after our smoothing process. Our

method alleviates pitch tracking errors, enables more robust modeling of pitch shapes, and

aligns more closely with human perception of intonation change.

3.4 Methodology

ProsodyFM is designed to extract phrasing and terminal intonation patterns from reference

speech and then adjust these patterns to align appropriately with the target text. ProsodyFM

predicts Mel-spectrograms from raw text. The predicted Mel-spectrograms are converted to

waveforms by the HifiGAN vocoder [KKB20] during the inference process.

3.4.1 Training Objective

The training objective of ProsodyFM is to find the network parameters ς and the alignment A

that maximize the log-likelihood of the data samples x1, as in Equation 3.16. Due to the com-

putational intractability to find the global solution, we apply the iterative approach introduced

in Section 3.2.3, namely, each iterative of optimization consists of two steps: (i) searching for

the most probable monotonic alignment Â given fixed model parameters ς, and (ii) updat-

ing the model parameters ς to maximize the log-likelihood. For step (i), following Glow-TTS
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[KKKY20] (as described in Section 3.2.3), we implement the MAS algorithm to find the current

optimal alignment Â between text and speech, as in Equation 3.17.

max
ϑ,A

L(ς, A) = max
ϑ,A

log p1(x1|c; ς, A) (3.16)

Â = argmax
A

Tmel∑

j=1

logN (zj;µA(j), ↼A(j)) (3.17)

For step (ii), following our backbone MatchaTTS [MTB+24], we train the ProsodyFM with the

OT-CFM procedure. So maximizing the log-likelihood of Equation 3.16 can be transformed

into regressing the ODE vector field that defines a mapping from a random sample to a real mel-

spectrogram, which is denoted as LOT→CFM (Equation 3.19). We introduce a prior loss Lprior

as an explicit maximum log-likelihood objective for the conditional encoders. The conditional

encoders, denoted as fc enc, include the Text, Phrase Break, Terminal Intonation, Speaker, and

Fusion encoders. Intuitively, providing a condition that is closely related to the generation

target as input can reduce the training burden on the vector field estimator. The prior loss

Lprior is given by:

Lprior = ≃
Tmel∑

j=1

logN (zj;µÂ(j)
, I) = ≃

Tmel∑

j=1

(
n

2
log(2ω) +

1

2
⇓zj ≃ µ

Â(j)
⇓2), z = fc enc(w, x1) (3.18)

where zj is the j-th frame of the fc enc output z and n represents the dimensionality of zj.

The di!erence between Equation 3.17 and Equation 3.18 is that Equation 3.17 aims to find the

optimal alignment Â given the current fc enc parameters, while Equation 3.18 seeks to optimize

the fc enc parameters with Â fixed.

Additionally, two auxiliary losses are introduced that do not interfere with the primary objec-

tive of maximizing log-likelihood: the duration loss Ldur (Equation 3.20) and the text-pitch

alignment loss Ltp align (Equation 3.21). These auxiliary losses are applied exclusively to train
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the Duration Predictor and BERT. These two modules are incorporated to address potential

mismatches between the reference speech and the target text during inference. A stop-gradient

operation is used to cut o! the gradient propagation to other parts of the model.

The four losses are marked with double lines in Figure 3.5 and Figure 3.6. The total loss for

training ProsodyFM is as follows.

LProsodyFM = LOT→CFM + Lprior + Ldur + Ltp align

We present the training algorithm of ProsodyFM in Algorithm 1.

OT-CFM Loss

The OT-CFM model introduced in Section 3.2.1 operates as an unconditional generative model.

However, to meet the requirements of ProsodyFM, it needs to be extended to a conditional

generative model. ProsodyFM leverages target text alongside the speaker and prosody infor-

mation—derived from a reference speech—as condition c to guide the speech synthesis process.

The objective of our conditional generative modeling is to produce new samples x1 that are ap-

proximately distributed according to p1(x1|c), where both x1 and c are random variables. This

task can be reformulated as training a neural network to model p1(x1|c1), where c1 ↑ p(c). By

providing the neural network with su”cient samples c1 from the dataset, and using parameter

sharing across conditions, the network e!ectively approximates p1(x1|c).

Given a particular mel-spectrogram sample x1 ↑ p1, it is associated with a specific condition

c1 ↑ p(c). We can replace the random variable x0, xt, and x1 in the unconditional OT-CFM

to x0|c1, xt|c1, and x1|c1, where x0, xt, x1 are random variables and c1 is the specific condition

sample. Then we can construct the Gaussian conditional probability path as

pt|1(xt | x0, x1, c1) = N (xt; (1≃ (1≃ ↼min)t) x0 + tx1, ↼
2

min
I)

The objective of the conditional OT-CFM for ProsodyFM is
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Algorithm 1 Training Algorithm of ProsodyFM

Input: the target text w, the reference mel-spectrogram x1, the mel-spectrogram length Tmel,

the text length Ttext

Output: optimal vector field predictor uϑ↑

1: Function: TrainStep(w, x1, x0)

2: Input the target text w and the reference mel-spectrogram x1 into the conditional en-

coder fc enc and obtain the output prior statistics µi;

3: Search for the optimal monotonic alignment Â using MAS (Equation 3.17);

4: Align the prior statistics µi with the reference mel-spectrogram x1 based on Â to get

the condition c1;

5: Compute Lprior, Ltp align and Ldur according to Equation 3.18, Equation 3.21 and Equa-

tion 3.20;

6: Sample time t ↑ Uniform[0, 1];

7: Sample xt ↑ N (xt; (1≃ (1≃ ↼min)t) x0 + tx1, ↼
2

min
I);

8: Compute LOT→CFM according to Equation 3.19;

9: Gradient descent on loss LOT→CFM + Lprior + Ldur + Ltp align and obtain new model

parameters ς̂

10: end Function:

11: while Perform Training do

12: Take a batch of target text w and the reference mel-spectrogram x1;

13: Sample x0 ↑ N (0, I);

14: Call TrainStep(w, x1, x0);

15: end while

LOT-CFM = Et↑U [0,1],x1↑p1,x0↑p0,xt↑pt|1(xt|x0,x1,c1)

[
⇓uϑ(xt, c1, t)≃ [x1 ≃ (1≃ ↼min)x0]⇓2

]
(3.19)

In this particular sample (x1, c1), the vector field estimator uϑ is trained to estimate the con-

ditional vector field ut(xt|c1). By providing it with su”ciently diverse data samples x1 with c1

from the dataset and parameter sharing, the uϑ approximates ut(x1|c) which is the real vector

field that generates the target probability path pt(xt|c). By solving the joint ODE of Equation
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3.6, we can obtain the mel-spectrogram x1 given any c as a condition.

Duration Loss

During training, the input reference speech is matched with the target text. So we can di-

rectly perform the MAS algorithm introduced in Section 3.2.3 to search for the most probable

alignment A
↗ between phone-level (also with breaks in ProsodyFM) prior statistics and the

frame-level speech representation. However, during inference, the input reference speech may

not match the target text. To estimate the best monotonic alignment A↗ at inference, we need

to design a Duration Predictor.

As shown in Figure 3.5, we incorporate the Duration Predictor fdur on top of the Fusion Encoder

ffus. It follows the architecture of the Duration Predictor in MatchaTTS. It is trained with

the mean squared error loss (MSE) in the logarithmic domain, as described in Equation 3.20.

To avoid the gradient a!ecting the maximum log-likelihood objective (Equation 3.16), we stop

the gradient propagation between ffus and fdur.

Ldur = MSE(fdur, [d1, ..., di, ..., dTtext ]),

di =
Tmel∑

j=1

1A↑(j)=i, i = 1, . . . , Ttext

(3.20)

3.4.2 Proposed Model Components

The overall structure of ProsodyFM is shown in Figure 3.5, where the parts outlined in the

yellow shaded area are the components we propose for ProsodyFM to improve the MatchaTTS

model. More details of four key components are shown in Figure 3.6. The Pitch Processor

extracts robust pitch shape segments; the Phrase Break Encoder predicts initial phrase break

cues, which are fused with speaker information and refined by the duration predictor; the

Text-Pitch Aligner estimates intonation patterns from the target text, guiding the selection
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Figure 3.5: The model architecture of the proposed ProsodyFM. The components outlined in
the yellow shaded area are unique to ProsodyFM and di!er from those in MatchaTTS. During
inference, the duration matrix is replaced by the predicted duration from the duration predictor;
the predicted vector field is passed to an ODE solver to obtain the predicted mel-spectrogram.
The three components in ellipses represent that these components have no training parameters.
The operations “insert”, “add”, “cat”, and “mul” in the four circles in the figure represent
“insert”, “add”, “concatenate”, and “matrix multiply” respectively.

of appropriate reference intonation patterns; and the Terminal Intonation Encoder models

terminal intonation patterns that are properly aligned with the target text.

Pitch Processor

The Pitch Processor (the pink box in Figure 3.6) aims to obtain robust pitch shape segments

of the last words. The raw pitch contours extracted by the pitch tracking method are discrete

and unreliable. To reduce prediction errors in pitch tracking, we interpolate and smooth the

discrete pitch values into a continuous pitch contour. Both interpolation and smoothing are

performed using functions within Praat. Specifically, discrete pitch values are firstly smoothed

to reduce prominent tracking errors (such as pitch doubling/halving), then interpolated for a

continuous contour, followed by a second smoothing to accentuate pitch movement patterns.

To better highlight the pitch shape, we subtract a random value (uniformly distributed within

the range [fmin, fmax]) from each point in the pitch contour to perturb its specific pitch value
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Figure 3.6: The key components of the proposed ProsodyFM in the training (a) and inference
(b) phrases. The red markings highlight the di!erences. The snowflake mark means the module
is frozen during training.

information while preserving its shape patterns.

Phrase Break Encoder

The Phrase Break Encoder (the green box in Figure 3.6) is designed to predict phrase break

cues, locate the last word of each intonational phrase, and generate the phrase break embedding.

The predicted locations of the last words help the Pitch Processor and the Text-Pitch Aligner

select the pitch shape segment and word embedding corresponding to each last word.

During training, the phrase break encoder detects phrase breaks from the reference speech

through an independent phrase break detector, which remains frozen during training. During

inference, since we do not have speech aligned with the target text, the phrase break encoder

predicts phrase breaks from the plain target text through our designed phrase break predictor.

This phrase break predictor is fine-tuned from T5 [NHAC+22]. We report the performance of

the phrase break predictor in Section 3.6.5.
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Text-Pitch Aligner

The training objective of the Text-Pitch Aligner (the blue box in Figure 3.6) is to align the

BERT-derived word embedding of the last word ek with the corresponding reference intonation

feature rk in the same feature space. The reference intonation feature is extracted by the

reference encoder, which is the same reference encoder as the one in the terminal intonation

encoder but detached from the entire computation graph to stop gradient propagation. This

alignment allows BERT, during inference, to create word embedding that can estimate the

intonation patterns of the target text, even without matching speech with the target text.

This estimated embedding will further guide the selection of appropriate reference intonation

patterns. We use the L2 loss as the alignment loss Ltp align

Ltp align = ≃
Tlword∑

k=1

⇓ek ≃ rk⇓22, (3.21)

where Tlword is the number of last words.

Terminal Intonation Encoder

The Terminal Intonation Encoder (the orange box in Figure 3.6) aims to obtain the terminal

intonation patterns that are proper to the target text. The reference encoder first compresses

the input pitch shape segment of each last word of the reference speech into a fixed-length

reference intonation feature. Then this feature, as a query vector, is passed to the multi-head

attention module. The multi-head attention module is trained to learn a similarity measure

between the reference intonation feature and each token in a bank of randomly initialized

embeddings. These embeddings, which we designed to describe di!erent pitch shapes, are

called intonation shape tokens. These tokens are jointly trained with the rest of the model

with only OT-CFM loss and thus require no extra intonation labels. The multi-head attention

module generates scores (weights) for these tokens, and the weighted sum of these tokens forms

the last-word intonation embeddings of the reference speech.

However, during inference, the reference speech may not be aligned with the target text, re-
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sulting in a di!erent number of last words in the reference speech compared to the target text.

We use scaled dot-product attention (the align attention) to align them, treating the last-word

intonation embeddings (of the reference speech) as the key and the last-word embeddings (of

the target text) as the query. After adjustment by the Text-Pitch Aligner, the last-word em-

beddings (of the target text) and the last-word reference embeddings representing pitch shape

characteristics are in the same space. By using the last-word embeddings as queries, the Align

Attention module can select the most suitable intonation embeddings for the last word of the

target text. This enables our ProsodyFM to autonomously choose the terminal intonation

pattern based on both the reference speech and the target text during the inference phase.

3.4.3 Information Flow During Training and Inference

Information Flow During Training

During training, ProsodyFM follows the standard teacher-forcing training mechanism. The

reference speech is the ground truth speech and the target text is consistent with the transcript

of the reference speech. The information flows through the model as follows:

1) The Text Encoder (directly inherited fromMatchaTTS) analyzes the target text to extract

phone embeddings;

2) The Phrase Break Detector (developed from an ASR model) detects phrase breaks from

the reference speech and provides the location of each last word (just before each phrase

break) to the pitch Processor and the Text-Pitch Aligner;

3) These last words (from ASR) are then aligned with the target text (real transcript) to

locate their positions within the phone embeddings, where the phrase break embeddings

are subsequently inserted;

4) The Pitch Processor processes the reference speech and clips the pitch shape segments of

the last words based on their locations;
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5) The Terminal Intonation Encoder takes these pitch shape segments as input and generates

the aligned intonation embeddings. These embeddings are added to the phone with break

embeddings at the position of the last word, while other positions remain unchanged;

6) The Speaker Encoder extracts the speaker embedding from the reference speech, which

is then concatenated with the other embeddings;

7) The Fusion Encoder integrates the phrase break and aligned intonation embeddings with

speaker and phone embeddings. It outputs the phone-level prior statistics;

8) The MAS searches for the optimal alignment to get the frame-level condition c;

9) The Flow Prediction Decoder, also inherited from MatchaTTS and illustrated in Figure

3.7, takes the condition c, a uniformly sampled time t, and xt as inputs, producing the

predicted vector field.

Information Flow During Inference

During inference, the target text does not need to be consistent with the transcript of the

reference speech. Most of the information flows through the model are the same as the training

process:

1) The Text Encoder analyzes the target text to extract phone embeddings;

2) The Phrase Break Predictor (instead of the Phrase Break Detector during training) pre-

dicts the phrase breaks from the target text and provides the location of each last word

(just before each phrase break) to only the Text-Pitch Aligner;

3) The Phrase Break Detector detects phrase breaks from the reference speech and provides

the location of each last word to the Pitch Processor;

4) The Pitch Processor processes the reference speech and clips the pitch shape segments of

the last words based on their locations;
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Figure 3.7: The architecture of the Flow Prediction Decoder.

5) The Terminal Intonation Encoder takes these pitch shape segments as input and generates

the aligned intonation embeddings. These embeddings are added to the phone with break

embeddings at the position of the last word, while other positions remain unchanged;

6) The Speaker Encoder extracts the speaker embedding from the reference speech, which

is then concatenated with the other embeddings;

7) The Fusion Encoder integrates the phrase break and aligned intonation embeddings with

speaker and phone embeddings. It outputs the phone-level prior statistics;

8) The Duration Predictor (rather than the MAS during training) predicts the optimal
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alignment to get the frame-level condition c;

9) The Flow Prediction Decoder takes the condition c, a uniformly sampled time t, and xt

as inputs, predicting the target vector field;

10) The ODE solver produces the Mel-spectrogram based on the predicted vector field. The

Mel-spectrogram is finally transformed into waveforms by the HifiGAN vocoder.

3.5 Experimental Details

3.5.1 Model Configurations

For a fair comparison, we utilize the same model architecture and hyperparameters as MatchaTTS

[MTB+24] except for the following added modules. For our Terminal Intonation Encoder, we

employ the attention module in [WSZ+18] with 4 attention heads and 6 64-D tokens. We re-

place the complex reference encoder in [WSZ+18] with a single-layer LSTM with 128-D hidden

size to speed up training. For the phrase break detector, we use the released checkpoint of

PSST [RGT23] without fine-tuning. The phrase break detector remains frozen during training.

For the phrase break predictor, we fine-tune T5 [NHAC+22] independent from ProsodyFM

using LoRA [HSW+22] with 16 ranks and consider the phrase breaks obtained from the PSST

as the ground truth labels when fine-tuning. For the text-pitch aligner, we initialize BERT2

with pre-trained weights, using its original tokenizer to process input text and obtain 768-D

token-level embeddings. We then select the tokens corresponding to each last word, average

their embeddings, and pass it through a fully connected layer to produce a final 192-D embed-

ding for each last word. For the pitch processor, we use Praat [Boe01] to extract discrete pitch

values and use a customized Praat script modified from [Can15] to interpolate and smooth

them into a continuous pitch contour. For the speaker encoder, we extract the same external

speaker embedding as in [CWS+22] for each speech sample and add two fully connected layers

to transform the 512-D d-vector to the final 64-D speaker embeddings.

2https://huggingface.co/google-bert/bert-base-uncased



54 Chapter 3. Prosody-aware Text-to-Speech Synthesis

ProsodyFM and its ablated variants in Table 3.5 are trained for 350 epochs on an NVIDIA

A100 GPU with 80GB VRAM with batch size 64 and learning rate 1e-4.

3.5.2 Datasets and Preprocessing

We perform the experiments in Table 3.1, Table 3.2, Table 3.3, Table 3.5, and Figure 3.10 on

the LibriTTS corpus [ZDC+19]. We randomly split (speakers-independent) the audio samples

in the train-clean-100, dev-clean, and test-clean sections of LibriTTS into 40421, 839, and 839

samples for our training, validation, and testing sets, respectively. The LibriTTS dataset has,

in total, 71 hours of audio signals and 326 speakers. The audio format is 16-bit PCM with a

sample rate of 24000 Hz.

For the experiments in Table 3.4, we train the models on the VCTK corpus [YVM19] with the

same training set (43470 samples) as in [KKS21] and test the models on our LibriTTS testing

set. The VCTK dataset has, in total, 44 hours of audio signals and 110 speakers. The audio

format is 16-bit PCM with a sample rate of 48000 Hz.

We resample all audio to 22050Hz and extract Mel-spectrograms with a 1024 FFT size, 256

hop size, 1024 window length, and 80 frequency bins.

3.5.3 Objective Evaluation Metrics

We conduct objective evaluations with the log-scale F0 Root Mean Squared Error (RMSEf0),

the F1 score of the break classification (F1break), and the Word Error Rate (WER).

1) RMSEf0 measures the pitch error. Following [BZ20], we use it to evaluate the intonation

aspect of prosody. We leverage dynamic time warping (DTW) to extract the pitch values

and measure the portion where both the ground truth speech yi and synthesized speech y
↔
i
are

voiced.

RMSEf0 =

 1

T

T∑

i=1


log


yi

y↔
i

2

(3.22)
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Here, T denotes the number of voiced frames.

2) F1break evaluates the phrasing aspect of prosody. We use PSST [RGT23] to obtain phrase

breaks from the ground truth speech and collect the corresponding last words as the list l, which

serves as our ground truth labels. We then apply PSST to the synthesized speech to detect

phrase breaks, generating a list l
↔ of the corresponding last words for comparison. The true

positives tp are the count of last words that match exactly in both l and l
↔. The false positives

fp are the number of last words present in l
↔ but absent from l, while the false negatives fn are

the number of last words present in l but missing from l
↔. The F1break is computed as follows:

F1break =
2 · tp

2 · tp+ fp+ fn
(3.23)

3) WER correlates well with the intelligibility of synthesized speech [TR21, MTB+24]. We

use Whisper-small 3 [RKX+23] to obtain transcripts of both the ground truth and synthesized

speech and compute the WER.

3.5.4 Subjective Evaluation Metrics

We conduct a crowd-sourced Mean Opinion Score (MOS) human listening test to assess four

aspects of synthesized speech, including the phrase break similarity (MOSbreak), the terminal

intonation similarity (MOSintonation) between the synthesized and a reference speech, the in-

telligibility (MOSintelligibility) and the quality (MOS) of the synthesized speech. Each MOS is

assessed using a 5-point scale with 95% confidence intervals, where score 1 indicates dissim-

ilarity, unintelligibility, or poor quality, whereas score 5 signifies full similarity, intelligibility,

or excellent quality. We randomly select 15 utterances (3 groups of 5) with di!erent lengths

in the testing set, and each sample is rated by 21 testers. Our testers are PhD students from

four universities specializing in Computer Audition, with native languages including English,

German, Chinese, and Turkish. They are all fluent in English.

To account for the possibility of non-expert testers, we provided detailed explanations of the

3https://huggingface.co/openai/whisper-small
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Figure 3.8: The instruction page of our Mean Opinion Score human listening test.

four MOS metrics with clear definitions and examples. Figure3.8 shows the instruction page of

our crowd-sourced Mean Opinion Score human listening test. These instructions are given to

the testers prior to the commencement of their rating task.

Considering text consistency between the reference audio and the target text to be synthesized,

we perform both parallel and non-parallel MOS tests. Given the subjective nature of prosody

evaluation, where individuals from di!erent linguistic backgrounds can have varying perceptions

of what constitutes ‘appropriate’ phrasing and intonation for a target text [GJD87], we adopt

specific assumptions for our parallel and non-parallel subjective evaluations:

1) For the parallel subjective evaluation, we assume that the phrasing and intonation derived

from the reference speech represent the ‘appropriate’ prosody. We provide labels for breaks

and intonation based on the reference speech and ask testers to assess the similarity of the

phrasing and intonation to these labels, rather than their appropriateness.
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2) For the non-parallel subjective evaluation, a reference speech is still needed for similarity

assessment. To maintain the relevance of prosody while accommodating di!erent text content,

we modify the words in the reference speech (the same 15 samples) transcript, ensuring that the

sentence semantics and structure remain as close as possible to the original 4. We then transfer

the break and intonation labels from the reference speech to the new target text (provided in

Figure 3.9). Testers are again asked to assess the similarity of the phrasing and intonation

to these labels, rather than their appropriateness. This evaluation rests on the assumption

that two sentences with similar semantics and structure should share the same phrasing and

intonation labels.

Figure 3.9 presents the labeled transcripts provided in the human listening test for 15 random

samples under parallel and non-parallel settings. The < b ⇔ >, < b ↖ >, and < b → >

describe a phrase break with rising, falling, and level intonation on the last word, respectively.

The terminal intonation and phrase break labels we provided are based on the actual pitch

contour of the speech signal, supplemented by reference to the perceptual judgments of two

human annotators.

3.5.5 Comparative Models

To evaluate the performance of our model, we compare ProsodyFM with four SOTA models.

These four SOTA models we use are all from the o”cial implementation of corresponding

papers, along with the o”cially provided checkpoints.

1) StyleSpeech [MLYH21] 5: the expressive multi-speaker TTS model built on FastSpeech2

[RHT+21];

2) GenerSpeech [HRL+22] 6: the TTS model towards high-fidelity style transfer, also extended

from FastSpeech2 [RHT+21];

4In practical usage, word-level intonation transfer should be applied only when appropriate; it need not be
used when the target text’s context or pragmatic intent di!ers substantially from the reference speech.

5https://github.com/KevinMIN95/StyleSpeech
6https://github.com/Rongjiehuang/GenerSpeech
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Figure 3.9: The labeled transcripts provided in the human listening test for all 15 testing
samples under parallel and non-parallel settings.
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3) StyleTTS2 [LHR+24] 7: the expressive TTS model with human-level speech quality, improved

from StyleTTS [LHM22];

4) MatchaTTS [MTB+24] 8: the fast and high-quality TTS model based on conditional flow

matching.

To verify the e!ectiveness of our proposed modules, we compare ProsodyFM against three

ablated variants:

5) w/o intonation: remove the Terminal Intonation Encoder (along with the Pitch Processor

and the Text-Pitch Aligner) from ProsodyFM;

6) w/o break: remove the Phrase Break Encoder from ProsodyFM;

7) w/o into break: remove both the Terminal Intonation Encoder and the Phrase Break En-

coder from ProsodyFM.

To provide a reference upper bound, we also include:

8) GT(vocoder): we extract the Mel-spectrogram from the ground truth audio and then recon-

struct it using HiFiGAN.

3.6 Results and Conclusions

3.6.1 Model Performance

We conduct both objective and subjective evaluations to assess ProsodyFM and four SOTA

models in terms of phrasing (break), intonation, and overall intelligibility. Table 3.1, Table 3.2,

and Table 3.3 show the results.
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Models RMSEf0 ↙ WER ↙ F1break ∝

GT(vocoder) 0.2264 2.05% 77.02

StyleSpeech 0.4477 4.30% 60.49
GenerSpeech 0.4556 7.29% 60.30
StyleTTS2 0.3120 3.25% 58.44
MatchaTTS 0.3376 3.56% 60.08

ProsodyFM 0.3068 3.22% 62.76

Table 3.1: Objective results on the LibriTTS testing set.

Models MOS MOSintelligibility MOSintonation MOSbreak

GT (vocoder) 4.77±0.05 4.77±0.05 4.90±0.04 4.91±0.04

StyleSpeech 3.43±0.10 3.72±0.11 3.58±0.10 3.52±0.12
GenerSpeech 2.67±0.10 3.03±0.12 3.14±0.12 2.85±0.13
StyleTTS2 4.09±0.10 4.23±0.10 3.66±0.10 3.82±0.12
MatchaTTS 3.61±0.10 4.03±0.10 3.48±0.10 3.88±0.10

ProsodyFM 4.22±0.08 4.47±0.07 4.36±0.08 4.42±0.08

Table 3.2: MOS results with 95% confidence intervals on the LibriTTS testing set under the
parallel setting (the transcript of the reference audio is the same as the target text).

Objective Results

As shown in Table 3.1, we observe that ProsodyFM outperforms the other four SOTA models

across all three objective evaluation metrics. Additionally, the results for phrasing (F1break)

and intonation (RMSEf0) show a positive correlation with overall intelligibility (WER). These

results indicate that ProsodyFM exhibits superior performance in phrasing and intonation,

which further contributes to its enhanced intelligibility.

Subjective Results

As shown in Table 3.2 and Table 3.3, compared to the other four SOTA models, ProsodyFM

obtains significantly better scores in terms of MOSintonation and MOSbreak under both par-

allel and non-parallel settings; it also achieves significantly better MOSintelligibility under the

parallel setting. In the non-parallel setting, as shown in Table 3.3, ProsodyFM matches the

7https://github.com/yl4579/StyleTTS2
8https://github.com/shivammehta25/Matcha-TTS
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Models MOS MOSintelligibility MOSintonation MOSbreak

GT (vocoder) - - - -

StyleSpeech 3.39±0.10 3.72±0.11 3.53±0.10 3.74±0.11
GenerSpeech - - - -
StyleTTS2 4.26±0.10 4.36±0.09 3.78±0.11 4.08±0.11
MatchaTTS 3.90±0.09 4.10±0.10 3.73±0.10 4.08±0.11

ProsodyFM 4.07±0.09 4.40±0.08 4.24±0.09 4.34±0.09

Table 3.3: MOS results with 95% confidence intervals on the LibriTTS testing set under the
non-parallel setting (the transcript of the reference audio is di!erent from the target text).

Models RMSEf0 ↙ WER ↙ F1break ∝

GT(vocoder) 0.2264 2.05% 77.02%

MatchaTTS 0.4727 6.78% 55.28%
ProsodyFM 0.4080 4.97% 59.95%

Table 3.4: Objective evaluation results on the out-of-distribution (unseen long and complex
sentences, unseen speakers) testing data. All the models are trained on the VCTK (short
sentences) training set and tested on the LibriTTS (long and complex sentences) testing set.

MOSintelligibility of StyleTTS2 and surpasses the remaining three models significantly. In the

non-parallel setting, ProsodyFM shows lower speech quality (MOS) than StyleTTS2, likely

due to the smaller dataset used in ProsodyFM (71 hours) compared to StyleTTS2 (245 hours).

Consistent with the objective evaluation results, we can still observe a positive correlation be-

tween MOSintonation, MOSbreak and MOSintelligibility, further substantiating that ProsodyFM

can e!ectively improve the phrasing and intonation aspects of prosody, thereby enhancing the

speech intelligibility.

3.6.2 Model Generalizability

To evaluate the impact of enhanced phrasing and intonation on the generalizability of models,

we conduct out-of-distribution experiments on unseen complex sentences. Both MatchaTTS

and ProsodyFM are trained on the same VCTK training set (short sentences) and tested on

the LibriTTS testing set (long sentences). The speakers in the testing set are unseen during

training. Table 3.4 presents the results.
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Models RMSEf0 ↙ WER ↙ F1break ∝

GT(vocoder) 0.2244 2.01% 76.04%

ProsodyFM 0.3047 2.86% 62.51%
w/o intonation 0.3373 3.13% 61.25%
w/o break 0.3355 3.10% 61.06%
w/o into break 0.3391 3.33% 60.25%

Table 3.5: Ablation study on the LibriTTS validation set.

We observe that although both MatchaTTS and ProsodyFM experience performance declines

on the out-of-distribution testing set, the decrease in ProsodyFM’s performance is consider-

ably smaller than that of MatchaTTS. Notably, for the F1break metric, ProsodyFM in the

out-of-distribution setting achieves matching performance with the four SOTA models in the

in-distribution setting (as shown in Table 3.1). This indicates that enhanced phrasing and

intonation can bring strong generalizability to the ProsodyFM model.

3.6.3 Ablation Study

To verify the necessity and e!ectiveness of our proposed Phrase Break Encoder and Terminal

Intonation Encoder, we compare ProsodyFM against its three ablated variants. Table 3.5 shows

the results on our LibriTTS validation set.

We observe an improved F1break score in both w/o intonation and w/o break compared to

w/o into break, which suggests that both the break encoder and intonation encoder inject par-

tial phrase break information. Those break information may be complementary, leading to a

further boost in F1break when we combine the two encoders in ProsodyFM. The RMSEf0 for

three ablated variants exhibit no substantial di!erences, which likely stems from the RMSEf0

metric being calculated only for voiced segments. When both intonation and break infor-

mation are present, ProsodyFM achieves considerably better RMSEf0. These observations

suggest that both the Phrase Break Encoder and Terminal Intonation Encoder are essential for

synthesizing highly intelligible speech.
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(a) GT(vocoder) (d) Falling k=-4 (g) Falling k=-2

(b) Prosodyfm (w o control) (e) Rising k=+4 (h) Add a break

(c) Level k=0 (f) Rising k=+2 (i) Remove a break

Figure 3.10: Part of spectrograms and pitch contours (blue line) of a reference speech and
speech synthesized by ProsodyFM with controlled intonation and phrasing.

3.6.4 Case Study: Prosody Controllability

We present a case study to visually demonstrate the ability of ProsodyFM to control prosody,

specifically in terms of intonation and phrasing, which are the focus of this chapter. Figure

3.10 displays the spectrograms of audio samples synthesized with controlled intonation and

phrasing (can be found on our demo page). The reference speech is from our LibriTTS testing

set (1363 139304 000009 000005.wav). Due to the space limit, we here show part of the spec-

trograms in Figure 3.10. The corresponding transcript with the original break and intonation

labels is “Quite suddenly he rolled over (falling tone) stared for a moment (rising tone)”.

Intonation Control

For the controllability of the terminal intonation, we manually modify the reference pitch shape

segment of the last word in an intonational phrase and synthesize the corresponding speech

using ProsodyFM (we modify the input “Last-word(reference) Pitch Shape Segments” of the

Terminal Intonation Encoder in Figure 3.6 (b)). We apply linear adjustments to the pitch
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values to create rising, falling, and level tones, controlling the magnitude of these adjustments

through the slope: a slope of k = +4 represents a rapid rising tone, k = +2 represents a gradual

rising tone, k = ≃4 indicates a rapid falling tone, k = ≃2 indicates a gradual falling tone, and

k = 0 corresponds to a level tone. In Figure 3.10 (c-g), we modified the reference pitch shape

segment of the last word “moment”.

We observe that when a level tone is provided as a reference, the pitch contour corresponding

to the word “moment” in the synthesized speech remains essentially flat. Conversely, when

rising or falling tones are used as references, the pitch contour for “moment” exhibits the

corresponding upward or downward movement. Additionally, the pitch contour slopes in Figures

3.10 (d) and (e) are noticeably steeper than those in Figures 3.10 (g) and (f). This indicates

that the pitch contour in the synthesized speech accurately reflects the same degree of reference

rapid or gradual shape. These results demonstrate that our proposed Terminal Intonation

Encoder e!ectively captures the reference intonation pattern, allowing ProsodyFM to achieve

precise and fine-grained control over intonation.

Phrasing Control

For the controllability of the phrase break, we manually add or remove a phrase break and

synthesize the corresponding speech using ProsodyFM (we modify the “Phrase Breaks(last

words)” in the Phrase Break Encoder in Figure 3 (b)). In Figure 3.10 (h), we added a phrase

break after the word “for,” and in Figure 3.10 (i), we removed the phrase break between “over”

and “stared”.

We observe that when a break is added after “for”, as shown in Figure 3.10 (h), the spectrogram

of the synthesized speech displays a noticeable blank space between “for” and “a moment.” As

shown in Figure 3.10 (i), when the break between “over” and “stared” is removed, a previously

existing blank space disappears. This demonstrates that ProsodyFM exhibits excellent control

over phrasing.
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Precision Recall F1

LibriTTS (w final-break) 93.96% 86.36% 90.00%
LibriTTS (w o final-break) 91.04% 80.51% 85.45%

VCTK (w final-break) 99.15% 92.86% 95.90%
VCTK (w o final-break) 94.74% 66.67% 78.26%

Table 3.6: The performance of the phrase break predictor on the LibriTTS and VCTK val-
idation sets. “w final-break” and “w o final-break” refer to the inclusion or exclusion of the
sentence-final break, respectively, when calculating precision, recall, and F1 scores.

More Cases

(a) ProsodyFM (b) Rising k=+2

(c) Rising k=+4 (d) Falling k=-2

(e) Falling k=-4 (f) Level k=0

Figure 3.11: The terminal intonation control results for the 7302 86815 000052 000000.wav.

Figure 3.11 and Figure 3.12 show the intonation and phrasing control results of a speech sample

7302 86815 000052 000000.wav from the LibriTTS testing set. The original labeled transcript

is “Well madam (falling tone) it will be a laudable action on your part (falling tone) and I will

thank you for it (falling tone)”. For the intonation control, in Figure 3.11 (b-f), we linearly

adjust the reference pitch shape segment of the last word “madam” with di!erent slope. For

the phrasing control, in Figure 3.12 (g) we remove the break between “part” and “and”. In

Figure 3.12 (h) we add a break after “be”.

Figure 3.13 and Figure 3.14 show the intonation and phrasing control results of a speech sample



66 Chapter 3. Prosody-aware Text-to-Speech Synthesis

(g) Remove a break (h) Add a break

Figure 3.12: The phrase break control results for the 7302 86815 000052 000000.wav.

(a) ProsodyFM (b) Rising k=+2

(c) Rising k=+4 (d) Falling k=-2

(e) Falling k=-4 (f) Level k=0

Figure 3.13: The terminal intonation control results for the 2002 139469 000016 000005.wav.

(g) Remove a break (h) Add a break

Figure 3.14: The phrase break control results for the 2002 139469 000016 000005.wav.

2002 139469 000016 000005.wav from the LibriTTS testing set. The original labeled transcript

is “As yet (rising tone) western Europe was uninfected (falling tone) would it always be so

(rising tone)”. For the intonation control, in Figure 3.13 (b-f), we linearly adjust the reference

pitch shape segment of the last word “yet” with di!erent slope. For the phrasing control, in

Figure 3.14 (g) we remove the break between “yet” and “western”. For Figure 3.14 (h), we add

a break after “it”.
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3.6.5 Performance of the Phrase Break Predictor

The phrase break predictor is trained independently from ProsodyFM on the LibriTTS training

set. We fine-tune T5 and consider the phrase breaks obtained from the PSST as the ground

truth labels when fine-tuning. We present its performance on the LibriTTS and VCTK vali-

dation sets in Table 3.6. Given that each sentence inherently concludes with a sentence-final

break, we also report results excluding sentence-final breaks. We can observe a noticeable per-

formance decline on the VCTK dataset when these final breaks are excluded. This decline can

be attributed to the relatively short sentences in VCTK, which contain fewer intra-sentence

breaks.

3.6.6 Conclusions

We proposed ProsodyFM, a novel prosody-aware TTS model designed to enhance phrasing

and intonation without requiring any prosodic labels, resulting in more intelligible synthesized

speech. We addressed the intonation modeling issue by training a set of intonation shape tokens

combined with a novel pitch processor for more robust modeling of human-perceived intonation

changes. We tackled the break labeling issue by designing a Phrase Break Encoder for initial

phrase break cues and then adjusting the variable break durations with a duration predictor.

Our performance experiments demonstrated that ProsodyFM e!ectively improved the phrasing

and intonation aspects of prosody, thereby enhancing overall intelligibility compared to four

SOTA models. Our out-of-distribution experiments showed that this enhanced prosody fur-

ther brought ProsodyFM strong generalizability on unseen complex sentences. Our ablation

study verified the e!ectiveness of our proposed modules. Our case study visually demonstrated

ProsodyFM’s powerful, precise, and fine-grained control over phrasing and intonation.

3.7 Contributions

The main contributions of this chapter are as follows:
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• We propose ProsodyFM, a prosody-aware TTS model with strong generalizability and

fine-grained prosody control, capable of synthesizing speech with natural phrasing and

intonation, leading to greater intelligibility than existing systems.

• We provide novel and e!ective solutions for the break labeling issue and the intonation

modeling issue.

• We release our demo, code, and model checkpoints to facilitate further research.



Chapter 4

Emotion-Aided Speech Dialogue Act

Classification

Speech intelligibility involves more than just recognizing spoken words; it encompasses under-

standing the speaker’s intended meaning and the communicative function of their utterances.

Speech dialogue acts represent these functions—such as questioning, asserting, commanding,

or expressing apology—and are essential for interpreting speech correctly. Accurate Dialogue

Act Classification (DAC) enhances speech intelligibility by reducing misunderstandings and en-

abling systems to respond more naturally, especially in applications like virtual assistants and

automated customer service. It also benefits related tasks such as Automatic Speech Recog-

nition (ASR) and Natural Language Understanding (NLU), bringing machine interpretation

closer to human comprehension.

In this chapter, we investigate the impact of integrating paralinguistic features—specifically

emotional information—into Speech Dialogue Act Classification models. We propose a novel

multi-task training strategy that selectively incorporates beneficial paralinguistic features into

DAC models while filtering out irrelevant features during di!erent training stages. Our ex-

perimental results demonstrate that this selective incorporation of paralinguistic features into

DAC significantly improves model performance. By enhancing the accuracy of DAC through

paralinguistic information, we contribute to improved speech intelligibility.

69
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This chapter is based on [HCS24] Task Selection and Assignment for Multi-Modal Multi-Task

Dialogue Act Classification with Non-Stationary Multi-Armed Bandits, a conference paper ac-

cepted by ICASSP 2024 on April 14, 2024. I am the first author of this paper, responsible

for identifying key research motivations, proposing improved multi-task training strategies, de-

signing the model architecture, conducting the entire experimental process, and writing the

conference paper. The second author, Junjie Chen, collaborated with me on the development

and refinement of initial ideas and experimental design, o!ering valuable input during the pa-

per’s revision. The final author, Prof. Björn Schuller, provided ongoing supervision, o!ering

guidance and feedback throughout the project’s development and manuscript preparation.

4.1 Introduction

Given the supplementary role of paralinguistic features in conveying non-verbal information

and their potential value for enhancing speech intelligibility, in this chapter, we explore the im-

pact of incorporating paralinguistic features into Speech Dialogue Act Classification task. To

introduce paralinguistic features, a natural choice is to adopt the Multi-task learning (MTL)

framework, which aims to enhance the performance of a primary task by leveraging the knowl-

edge of related auxiliary tasks [Car98]. MTL has achieved success over many research areas

[ZWS19][LJD19]. However, previous work [LLG19][LYH16] found that using auxiliary tasks

without careful selection can have a negative impact on performance, a phenomenon referred

to as negative transfer. Therefore, implementing e!ective MTL faces two challenges: task se-

lection, defined as the need to identify truly useful tasks, and task assignment, defined as the

need to decide how to allocate those tasks.

DAC is the task of determining the communicative intention a speaker is holding in an utter-

ance—whether they are questions, statements, commands, or expressions of apology. This task

serves as the basis for many tasks related to speech intelligibility such as ASR [CMS+23] and

NLU [YCHT+17]. For example, knowing the dialogue act can inform ASR models about the

expected vocabulary and syntactic structures associated with specific communicative functions,
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thereby improving overall recognition accuracy [CMS+23]. Incorporating dialogue act knowl-

edge can also enhance human-computer interaction. In applications like customized dialogue

system[HIM+14][HSN06] and conversational agents [WP01], systems with accurate DAC can

select more appropriate responses that match the conversational intent. This leads to interac-

tions that feel more intuitive to users, reducing misunderstandings and improving e”ciency.

Early work usually focused on single-task single-modal DAC [KGN16], that is, it uses chat

transcripts with only the text mode to detect dialogue acts. Recently, thanks to the knowledge

of the potential value of paralinguistic features to speech intelligibility and the development of

multi-modal open-source datasets [SPSB20] [SGSB21], multi-task multi-modal DAC has gained

attention. However, existing methods [SPSB20] [SGSB21] were based on the traditional MTL,

which applied a random task selection strategy. Our results show that this strategy can produce

negative transfer phenomena.

This chapter focuses on the multi-task multi-modal DAC task, where the primary focus is on

DAC (8-class) supported by five auxiliary tasks that provide paralinguistic features. These aux-

iliary tasks include four emotion-related components—emotion classification (5-class), arousal

regression (range [1,5]), valence regression (range [1,5]), and dominance regression (range [1,5])—as

well as one speaker-related task, speaker classification (10-class). We propose a novel MTL

strategy for selecting and assigning tasks with di!erent kinds of paralinguistic features based

on non-stationary multi-armed bandits (MAB) with discounted Thompson Sampling (TS) using

Gaussian priors. Our experimental results show that in di!erent training stages, di!erent kinds

of paralinguistic features (tasks) have di!erent utility. Our proposed method can e!ectively

identify the task utility, actively avoid useless or harmful tasks, and realize the task assignment

during training. Our proposed method is significantly superior in terms of UAR and F1 to

the single-task and multi-task baselines with p-values <0.05. Further analysis of experiments

indicates that for the dataset with the data imbalance problem, our proposed method has

significantly higher stability and can obtain consistent and decent performance for minority

classes. Our proposed method is superior to the current state-of-the-art model.
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Figure 4.1: Thompson Sampling can balance exploration and exploitation. The greedy algo-
rithm would always choose arm 1, while the Thompson Sampling algorithm has a chance to
explore arm 3.

4.2 Background

4.2.1 The Multi-armed Bandit Problem

The multi-armed bandit (MAB) framework o!ers a potential solution to the above-mentioned

two challenges in MTL through its sequential decision-making properties. In the MAB problem,

we are given a slot machine with K arms, represented by I := {1, 2, . . . , K}. Over a finite time

horizon T , at each discrete time step t := {1, 2, . . . , T}, a decision is made to select and play

one of the K arms. When an arm i is played, it generates a random reward—a real-valued

outcome determined by an unknown probability distribution unique to that arm, with support

in [0, 1]. The reward distribution for each arm might di!er in mean µi, which represents the

expected reward for each arm. The reward distribution can be either stationary, meaning it

remains unchanged over time (Stochastic Bandits), or non-stationary, meaning it changes over

time (Non-Stationary Bandits). The rewards from repeated plays of a given arm are assumed to

be independently and identically distributed (i.i.d.), and they are independent of the outcomes

from other arms. The reward for each play is observed immediately after the arm is played.

The goal of an algorithm solving the MAB problem is to decide which arm to play at each time
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step t, utilizing the reward information from the previous t ≃ 1 plays. A common objective is

to maximize the cumulative reward over the T periods Reward =


T

t=1
rt, where rt denotes

the reward obtained at time t.

4.2.2 Thompson Sampling

Algorithm 2 General Thompson Sampling

Input: a set of arms i = 1, 2, ..., K, the prior reward distributions for each arm p1, p2, ..., pK ,

the number of round (time) T

Output: a sequence of chosen arms {a1, a2, ..., aT} and their corresponding rewards

{r1, r2, ..., rT}

1: for t = 1, ..., T do

2: for i = 1, ..., K do

3: sample ςt(i) from the reward distribution pi

4: end for

5: Choose arm at = argmax
i
ςt(i).

6: Play arm at and observe the reward rt.

7: Update the posterior reward distribution pat for the selected arm based on the observed

reward rt.

8: end for

In the MAB problem, the “explore-exploit” trade-o! is a core challenge. Exploration involves

selecting di!erent arms to gather information about their reward distributions, which is essen-

tial when these distributions are initially unknown. Exploitation, on the other hand, focuses

on selecting the arm with the highest estimated reward to maximize cumulative gain. Bal-

ancing exploration and exploitation is critical; in a limited time T , excessive exploration can

lead to suboptimal cumulative rewards, while premature exploitation risks missing potentially

higher-reward arms. An e!ective MAB algorithm optimally navigates this trade-o! to achieve

maximum long-term reward.

Thompson Sampling (TS) provides a principled approach to the explore-exploit dilemma by

using Bayesian inference to maintain and update a posterior distribution over each arm’s ex-
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pected reward. As described in Algorithm 2, at each time step, instead of directly selecting the

arm with the highest mean reward (as in the greedy algorithm), the TS algorithm samples

from these posterior reward distributions and selects the arm with the highest sampled reward.

Figure 4.1 demonstrates how TS e!ectively balances the trade-o! between exploration and ex-

ploitation. In this case of three arms, the greedy algorithm would always choose arm 1, as it

has the highest mean reward. While arm 2 is clearly inferior to arm 1 due to its lower mean

reward and similar variance, arm 3, despite its high variance, has a mean reward very close to

that of arm 1. This high variance suggests that arm 3 may be under-explored. With TS, there

is a chance that a sampled reward from arm 3 could exceed that of arm 1, allowing arm 3 to

be explored further.

In the following two subsections, we present two variants of TS for stochastic (stationary)

bandits: one using Beta priors with a Bernoulli likelihood, and the other using Gaussian priors

with a Gaussian likelihood.

Thompson Sampling with Beta priors

Algorithm 3 Thompson Sampling with Beta priors

Input: a set of arms i = 1, 2, ..., K, the number of round (time) T , the prior parameters for

each arm εi = 0, ⇀i = 0.

Output: a sequence of chosen arms {a1, a2, ..., aT} and their corresponding rewards

{r1, r2, ..., rT}.

1: for t = 1, ..., T do

2: for i = 1, ..., K do

3: sample ςt(i) from the reward distribution Beta(εi + 1, ⇀i + 1)

4: end for

5: Choose arm at = argmax
i
ςt(i).

6: Play arm at and observe the reward rt.

7: If rt = 1, then update εat ′ εat + 1; else if rt = 0, update ⇀at ′ ⇀at + 1.

8: end for
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TS with Beta priors is well-suited for problems involving binary rewards, such as success (reward

= 1) or failure (reward = 0) outcomes. This algorithm begins by assigning each arm i a prior

distribution of Beta(1, 1), which is a uniform distribution over the interval (0,1). This prior

reflects an initial assumption of equal likelihood for all possible success rates µi, where µi

represents the probability of obtaining a reward = 1. The Beta distribution is employed due

to its conjugacy with the Bernoulli distribution, which facilitates straightforward posterior

updates. Specifically, if the prior distribution is Beta(ε, ⇀), observing a Bernoulli trial results

in a posterior distribution that remains within the Beta family. The posterior is updated to

Beta(ε + 1, ⇀) following a Bernoulli trial with a success result, or Beta(ε, ⇀ + 1) following a

Bernoulli trial with a failure result. Algorithm 3 shows the whole process.

Thompson Sampling with Gaussian priors

Algorithm 4 Thompson Sampling with Beta priors

Input: a set of arms i = 1, 2, ..., K, the number of round (time) T , the prior parameters for

each arm µ̂i(0) = 0, ki(0) = 0.

Output: a sequence of chosen arms {a1, a2, ..., aT} and their corresponding rewards

{r1, r2, ..., rT}.

1: for t = 1, ..., T do

2: for i = 1, ..., K do

3: sample ςt(i) from the distribution N (µi(t); µ̂i(t),
1

ki(t)+1
)

4: end for

5: Choose arm at = argmax
i
ςt(i).

6: Play arm at and observe the reward rt.

7: Update µ̂i(t) ′ µ̂i(t)ki(t)+ri(t)

ki(t)+2
and ki(t) ′ ki(t) + 1.

8: end for

Thompson Sampling with Gaussian priors is particularly suited for problems with continuous

or normally distributed rewards. In this case, both the prior and posterior are modeled as

Gaussian distributions, which also exhibit conjugacy under normal likelihoods. This algorithm

assumes that at time t, the likelihood p(ri(t)|µi) of reward ri(t) given parameter µi is Gaussian
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N (ri(t);µi, 1) and the prior p(µi) of each arm i for µi follows Gaussian N (µi(t); µ̂i(t),
1

ki(t)+1
),

where µ̂i(t) denotes the running estimate of the mean reward for arm i at time t and ki(t)

represents the number of times arm i has been played up to time t ≃ 1. According to the

Bayesian inference, the posterior P (µi|ri(t)) is

P (µi|ri(t)) =
P (ri(t)|µi)P (µi)

P (ri(t))
∞ P (ri(t)|µi)P (µi).

Since both the prior p(µi) and likelihood P (ri(t)|µi) are Gaussian, the posterior P (µi|ri(t)) is

also Gaussian (conjugacy property). Specifically:

µi | ri(t) ↑ N

µ̂
new

i
,

1

knew

i
+ 1



where the updated parameters are derived as follows:

µ̂
new

i
=

µ̂i(t)ki(t) + ri(t)

ki(t) + 2

k
new

i
= ki(t) + 1

The initial assumption of prior parameters at time t = 0 are µ̂i(0) = 0 and ki(0) = 0. Algorithm

4 describes the whole process.

4.2.3 Non-stationary Multi-armed Bandit Problem

The two TS algorithms mentioned above (Algorithm 3 and Algorithm 4) are designed for

stochastic (stationary) bandits. The Non-stationary Multi-armed Bandit (NS-MAB) problem

is a generalization of this stochastic MAB problem where the reward distributions associated

with each arm change over time. This dynamic environment introduces a more challenging

exploration and exploitation balance problem, as the agent must adapt to temporal variations

in the reward distribution.

To address this challenge, strategies for the NS-MAB problem generally fall into two main cat-
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egories—the first category leverages change-point detection algorithms [CLLW19, BKMS22] to

explicitly identify shifts in the reward distributions, enabling the algorithm to reset or adapt

accordingly. The second category focuses on passively mitigating the influence of past observa-

tions, often employing techniques like sliding windows [TPRG20], weighted updates [RVC19],

or discount factors [RK17]. Theoretical analysis often focuses on deriving bounds for the regret,

which measures how much performance is lost because the algorithm has to adapt to changing

conditions, compared to an ideal system that already knows the reward patterns over time.

The NS-MAB algorithm (Algorithm 5) [QWZ23] implemented in this chapter is based on Dis-

counted TS with Gaussian priors. It passively adapts to changes in the reward distribution by

applying a discount factor to the past observations in TS. This approach is e!ective in both

abruptly changing settings, where the reward distribution remains constant for a period and

shifts at unknown times, and smoothly changing settings, where the reward distribution evolves

gradually according to unknown dynamics. The core idea of this algorithm is to adjust the sam-

pling variance: reducing it for the selected arm to prioritize exploitation while increasing it for

unselected arms to encourage exploration.

4.3 Related Works

Previous work on multi-task DAC [SPSB20][SGSB21] demonstrated that incorporating the emo-

tion recognition (ER) task improved performance compared to single-task baselines. However,

we observed instances of negative transfer. To further investigate the influence of paralinguis-

tic information on DAC performance, we introduce four emotion-related tasks, including the

ER task and three additional emotion regression tasks, along with a speaker-related task to

evaluate our algorithm’s ability to filter out irrelevant information. Unlike [SPSB20][SGSB21],

which employed a uniformly random task selection strategy during training, we propose a novel

MAB-based task selection and assignment approach.

[GPB19] first proposed a paradigm of task selection for MTL via MAB with TS. However, it

continuously added strong bias to the primary task, thereby failing to explore the di!erent
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Figure 4.2: Proposed model architecture.

utility of auxiliary tasks in di!erent training stages. It only exploited MAB for task selection

and then needed to combine it with a Gaussian Process to realise task assignment. Our method

can identify the utility of tasks in di!erent training stages and can achieve the end-to-end task

assignment.

4.4 Methodology

Inspired by [GPB19], we model the MTL as a MAB problem with TS. K arms correspond

to K tasks. Selecting an arm to play corresponds to selecting a task to train the model. We
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Algorithm 5 Non-stationary Multi-armed Bandit with discounted Thompson Sampling

Inputs:
⇁, µ̂1(i), µ̃1(i), N1(i), s, τ1(i), τmax bound

for t = 1, ..., T do
for i = 1, ..., K do

sample ςt(i) from N (µ̂t(i), τt(i)2)
end for
Select task it = argmax

i
ςt(i) and get reward rt(it)

for i = 1, ..., K do
µ̃t+1(i) = ⇁µ̃t(i) + i=it(i)rt(it)
Nt+1(i) = ⇁Nt(i) + i=it(i)
µ̂t+1(i) =

µ̃t+1(i)

Nt+1(i)

τmax = min{st+ τ1(i), τmax bound}
τt+1(i) = min{ 1∈

Nt+1(i)
, τmax}

end for
end for

define the utility of the selected task as the performance improvement after selecting this task

to update the model relative to the performance of the current best model. That is, reward

rt = Vt(it)≃V
best

t
, where Vt(it) refers to the validation performance of the model obtained after

training with the selected task it at the round t and V
best

t
refers to the best performance obtained

on the validation set before round t. So the larger the reward, the greater the performance

improvement (utility) brought by the selected task it.

The intrinsic utility of each task may change during training, e. g., the primary task might

be more useful at the beginning, but not necessarily at the end. Therefore, the agent faces

a non-stationary system where it must consistently be motivated to explore, ensuring it can

adapt to shifts as the system evolves.

Algorithm 5 shows the details of our algorithm. We make small changes to the algorithm in

[QWZ23]. In Algorithm 5, ⇁ denotes discounted factor, τt(i) denotes the sampling variance,

τmax bound denotes the upper bound of the sampling variance, µ̂t(i) denotes the estimation of

the expected reward of task i at round t, µ̃1(i) denotes the discounted cumulative reward, Nt(i)

denotes the discounted number of plays of task i until round t, and s denotes the slope of τmax.

The key to the algorithm is to encourage exploration by increasing the sampling variance of

unselected tasks and decreasing the sampling variance of selected tasks.
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4.4.1 Model Architecture

Figure 4.2 illustrates the proposed model architecture. The encoder of a standard transformer

is employed to process BERT features from the text modality, while the decoder handles VG-

Gish features from the audio modality. The self-attention mechanism within the transformer

facilitates the fusion of these two modalities. To ensure compatibility with the self-attention

mechanism, which requires both features to have the same dimensionality, two fully connected

layers are added on top of the transformer encoder to reduce the dimensionality of the BERT

features. The MAB controller dynamically selects a task for training based on Algorithm 5.

4.4.2 Training Objective

The proposed MAB method selects a task from 6 tasks according to the MAB controller in

each epoch of training to update the model. We choose the cross-entropy loss for classification

tasks and the concordance correlation coe”cient (CCC) loss for regression tasks. The CCC

loss is defined as:

LCCC =
2ϑ↼x↼y

↼2
x
+ ↼2

y
+ (µx ≃ µy)2

where ϑ denotes the Pearson correlation coe”cient between the predicted values x and the

ground truth y; µx and µy represent the means of x and y, respectively; and ↼
2

x
and ↼

2

y
are the

variances of x and y, respectively.

4.5 Experimental Details

4.5.1 Model Configurations

We apply the pre-trained BERT model 1 to extract textual features and apply the pre-trained

vggish model 2 to extract audio features. We fix the sequence length of text features to 60 and

1https://huggingface.co/bert-base-cased
2https://github.com/tensorflow/models/tree/master/research/audioset/vggish
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Figure 4.3: Class distribution for the whole dataset and the testing set we use.

the length of audio features to 20 by truncation or padding. The transformer part has 8 heads

with 6 encoder and decoder layers.

We apply the Adam optimiser with a weight decay of 0.001. We train each model with 500

epochs and choose the model with the best validation loss. As in [GPB19], we initially set a

slightly stronger prior for the primary task i
p, which µ̂1(ip) and µ̃1(ip) are set to 0.3. µ̂1(ia)

and µ̃1(ia) for auxiliary tasks ia are set to 0. N1(i), τ1(i), τmax bound, and ⇁ for all tasks are set

to 0, 0.05, 0.5, and 0.9, respectively.

4.5.2 Datasets

We use the database proposed in [SGSB21] for all our experiments. This dataset is an ex-

tension of the original IEMOCAP dataset [BBL+08], adding 12 dialogue act (DA) tags in-

cluding Greeting (g), Apology (ap), Command (c), Question (q), Answer (ans), Agreement

(ag), Disagreement (dag), Statement-Opinion (o), Statement-Non-Opinion (s), Acknowledge

(a), Backchannel (b), and Others (oth). The dataset has a total of 9376 audio samples. Figure

4.3 shows its class distribution.
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The dataset used in Figure 4.4, Table 4.1, Figure 4.5, and Table 4.2 has 8 DA classes. We

removed four DA classes (‘ap’, ‘oth’, ‘g’, ‘a’) with less than 0.8% of the total number of data

samples. For emotion classification task, we replace the ‘excitement’ class in IEMOCAP with

‘happiness’ as in [XL15], and only consider classes ‘anger’, ‘sadness’, ‘neutral’, ‘frustration’,

and ‘happiness’. The final dataset has 7623 data samples in total. We did a random split with

70%, 20%, and 10% for training, validation, and testing sets, respectively.

The distribution of 8 DA classes in the testing set is shown in yellow in Figure 4.3. We call

the 4 classes (‘s’, ‘o’, ‘q’, ‘ans’) with more than 117 data samples the majority class, and the

4 classes (‘ag’, ‘dag’, ‘c’, ‘b’) with less than 55 data samples the minority class. The dataset

utilised in Table 4.3 has all 12 DA classes. To achieve a fair comparison, we utilise the same

dataset and split as in [SGSB21], allocating 80% for training and 20% for testing.

4.5.3 Evaluation Metrics

The evaluation metrics used to assess model performance are Unweighted Average Recall

(UAR), Macro-F1 (F1), and Accuracy. These metrics are calculated as follows:

UAR =
1

C

C∑

k=1

Recallk, Recallk =
TPk

TPk + FNk

Macro-F1 =
1

C

C∑

k=1

F1k, F1k =
2 · TPk

2 · TPk + FPk + FNk

Accuracy =
TP + TN

TP + FP + TN+ FN

where C represents the total number of classes, k refers to the k-th class, and TP , FP , TN ,

and FN denotes the true/false positive, and true/false negative counts, respectively.
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Figure 4.4: Task selection during the training process for the proposed MAB method.

4.5.4 Comparative Models

We compare our model against two baseline models (as in Table 4.1, Table 4.2, Figure 4.5,

Figure 4.6) and the current state-of-the-art (SOTA) models (as in Table 4.3). The comparisons

include:

1) ST: the single-task baseline model that trained solely on the DAC task;

2) MT: the multi-task baseline that trained on the same six tasks as our model but with a

random task selection strategy during each training epoch;

3) SOAT Early Fusion: model form [SGSB21] utilizing an early fusion strategy;

4) SOAT Late Fusion: models in [SGSB21] utilizing an late fusion strategy.
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Models UAR F1 Accuracy

ST 0.618±0.061 0.604±0.070 0.675±0.022
MT 0.522±0.052 0.499±0.054 0.608±0.019

Proposed 0.667±0.013 0.655±0.013 0.683±0.010

Table 4.1: Overall performance (8-class) on the testing set. Mean performance and standard
deviations of 10 trials are reported.

4.6 Results and Conclusions

4.6.1 Task Selection

The top section of Figure 4.4 displays the cumulative counts of each task selected during

training, while the bottom section illustrates the selection probability of each task throughout

the training process. We compute the probability for task i using the number of times that

task i is selected in a sliding window of length 30.

As shown by the gray line in the bottom section of Figure 4.4, the training process can be

divided into four stages. In the first stage, the model first tends to choose the primary task

that is most likely to bring the largest reward. As time goes on, the model finds that the

reward of choosing only the primary task starts to decline, so it begins to explore other tasks

and starts a comprehensive exploration in the second stage. In the third stage, the model finds

that the emotion classification task is the most useful task, so there is a greater probability of

selecting the emotion classification task. Finally, in the fourth stage, the model considers the

arousal regression and the valence regression tasks as the first two useful tasks. The speaker

classification and dominance regression tasks have a low selection probability during the entire

training process, indicating that these two tasks are of low utility to the primary task.

4.6.2 Overall Performance

Table 4.1 shows the overall performance. The proposed method outperforms the two baseline

methods on all metrics. The performance of the MT is far worse than that of the ST, which
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Figure 4.5: Boxplot of sub-class F1 on the testing set for 10 trials.

indicates that the random selection strategy can impede performance. The proposed method

has a slight improvement in accuracy (metric not considering the class distribution) but has a

significant improvement in F1 (Macro-F1) and UAR (metrics considering the class distribution)

when compared to the two baselines. Our significance experiment (Welch’s t-test [Wel47] at

5% significance level) shows that this improvement of F1 and UAR is statistically significant.

To find out the reason, we perform an analysis of sub-class performance.

4.6.3 Sub-class Performance

Figure 4.5 shows the box plot of the sub-class F1 scores. The F1 score of the MT method is

significantly worse than the other two methods in almost all classes. The performance of the
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Models ag c dag b

ST 0.489±0.176 0.473±0.408 0.550±0.054 0.530±0.068
MT 0.382±0.202 0.398±0.344 0.222±0.163 0.510±0.040

Proposed 0.570±0.031 0.759±0.021 0.578±0.068 0.554±0.031

Table 4.2: F1 for 4 minority classes on the testing set. Mean performance and standard
deviations of 10 trials are reported.

proposed method is not significantly di!erent from that of the ST method in four majority

classes (the bottom part of Figure 4.5). However, for minority classes (the upper part of Figure

4.5), the proposed method obtained better results. Table 4.2 shows their sub-class F1 scores.

For classes ‘dag’ and ‘b’, the proposed method has slightly better F1 scores than the ST method,

while for classes ‘ag’ and ‘c’, the proposed method has much better results.

4.6.4 Stability of Proposed Method

We can observe an interesting phenomenon in class ‘c’. Both Figure 4.5 and Table 4.2 demon-

strate a huge instability of the ST method and MT method in the prediction of class ‘c’. In

fact, among the 10 ST models and 10 MT models recorded, 4 models each have an F1 score of

0. On the contrary, the proposed method has consistent and decent predictions.

The proposed method also has better stability for other classes besides class ‘c’. Figure 4.5

and the standard deviation in Table 4.2 shows that the proposed method exhibits significantly

improved stability in 3 out of 4 minority classes (‘ag’, ‘c’, ‘b’) compared to the ST, surpasses the

stability of the MT across all 4 minority classes, and surpasses the two baseline methods in 3 out

of 4 majority classes (‘ans’, ‘s’, ‘q’). Table 4.1 also shows that the two baseline methods have

significantly larger standard deviations in F1 and UAR, indicating that the overall stability of

the proposed method is better than that of the two baseline methods.
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Figure 4.6: Case study for one trail: confusion matrices for the ST, MT baselines and our
proposed model.

4.6.5 Misclassification Analysis

Figure 4.6 illustrates the confusion matrices for the ST, MT baseline models, and our proposed

model in a single trial. The misclassification patterns di!er across the models, with our pro-

posed model generally demonstrating a more balanced and improved performance. Notably,

for class ‘c,’ both the ST and MT baseline models failed to predict any instances as belonging

to this category, while the proposed model demonstrated significantly improved performance

in correctly classifying instances of this class.
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Models Accuracy F1

SOTA early fusion [SGSB21] 0.6601 0.6385
SOTA late fusion [SGSB21] 0.6963 0.6786

Proposed 0.6951 0.6858

Table 4.3: Overall Performance (12-class) for the current SOTA and our proposed MABmethod.

4.6.6 Comparison to SOTA

As shown in Table 4.3, although the proposed method obtains a matching accuracy with the

SOTA [SGSB21], it has a considerable improvement on the F1 score. Note that the 12-class

dataset used here has a more severe data imbalance problem, which shows the superiority of

our proposed method.

4.6.7 Conclusions

This chapter studied the multi-task multi-modal DAC task and proposed a novel training

strategy based on non-stationary MAB with discounted TS to deal with the task selection

and task assignment challenges in MTL. Our results demonstrated that the proposed method

can e!ectively identify task utility in di!erent training stages and realise the end-to-end task

assignment during training. The proposed method exhibited significant improvement in terms

of UAR and F1 to both single-task and multi-task baselines. Experimental analysis of sub-class

performance indicated that this improvement stemmed from the more stable performance of the

minority classes. Further analysis illustrated that the overall stability of the proposed method

is better than the baselines. The proposed method outperformed the current SOTA. Future

work should also consider verifying the generalisability of the method, such as investigating

primary tasks from diverse research fields.

4.7 Contributions

The main contributions of this chapter are as follows:
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• We propose a novel training strategy based on non-stationary MAB with discounted TS

to deal with the above two challenges of task selection and task assignment;

• We illustrate that the proposed method can e!ectively identify task utility in di!erent

training stages, avoid the negative transfer phenomena, and realise the end-to-end task

assignment during training;

• We demonstrate that the performance improvement mainly comes from the significantly

high stability of the minority classes;

• We compare the performance of the proposed method with the current state-of-the-art

method [SGSB21] (SOTA) and show the superiority of the proposed method.



Chapter 5

Disentangled Emotion Features for

Emotional Voice Conversion

Emotional features enrich speech with contextual information beyond literal words, enhancing

intelligibility. However, accurately capturing and manipulating these emotional aspects in

speech synthesis and conversion systems is challenging. Emotional Voice Conversion (EVC) is

a task focused on transforming the emotional style of a source speech signal into a target style

while preserving emotion-independent features, such as linguistic content and speaker identity.

Previous EVC models often fail to disentangle emotional information from emotion-independent

features that should be preserved, transforming them in a monolithic manner and resulting in

less intelligible audio with severe distortions. In this chapter, we proposed a novel StarGAN-

based EVC framework incorporating a two-stage training process that disentangles emotional

features from emotion-independent attributes through the use of an autoencoder with dual

encoders as the generator of the Generative Adversarial Network (GAN). The proposed model

demonstrated favorable performance in both objective and subjective evaluations, particularly

in terms of distortion, indicating its e!ectiveness of the disentangled emotional features in

migrating distortions and enhancing intelligibility. Additionally, we validated the value of

the generated audio for data augmentation in the Speech Emotion Recognition (SER) task.

Results of data augmentation experiments for end-to-end SER indicated that the improvement

90
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in audio quality obtained by the proposed model is not at the expense of its emotional conversion

performance.

This chapter is based on [HCRS21] An Improved StarGAN for Emotional Voice Conversion:

Enhancing Voice Quality and Data Augmentation, a conference paper accepted by Interspeech

2021 on August 30, 2021. It is important to note that the related work and comparative

experiments presented in this chapter are limited to studies published prior to the submission

date of the conference paper (March 2021). As the first author of this paper, I identified

critical research gaps, proposed improvement ideas, designed the components of the improved

StarGAN model, executed the entire experimental process, and authored the conference paper.

The second author, Junjie Chen, contributed by discussing and refining the initial ideas and

experimental design with me and provided insightful input during the revision of the paper.

The third author, Dr. Georgios Rizos, provided the code and a technical report for the baseline

StarGAN model to support this research. The last author, Prof. Björn Schuller, supervised the

project throughout, o!ering helpful suggestions and guidance on the manuscript development.

5.1 Introduction

Emotional features provide contextual information that extends beyond literal words, contribut-

ing to enhanced speech intelligibility. However, e!ectively capturing and manipulating these

emotional elements in speech synthesis and conversion systems remains a significant challenge.

Emotional Voice Conversion aims to alter the emotional style of a source speech signal to a

target style while preserving other emotion-independent information. A significant challenge in

this task is the di”culty of obtaining high-quality parallel data due to the substantial labor costs

involved [HZS17]. For instance, a typical dataset may include a source speech signal expressing

a “happy” emotion for a specific sentence S by speaker A. However, if the task requires alter-

ing the emotion from “happy” to “sad”, the dataset often lacks a corresponding recording of a

sentence S spoken by speaker A with the “sad” emotion. Consequently, the training process for

the model cannot rely on parallel data. Recent work proposed to utilize generative adversarial
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Figure 5.1: An example (Ses03F script02 2 F043.wav in the IEMOCAP dataset) of waveforms
for source and converted audio signals. Our improved StarGAN-EVC model introduces fewer
artifacts in silent frames compared to the baseline StarGAN-EVC model [RBES20].

network (GAN) frameworks [GPAM+14, ZPIE17, CCK+18] to convert the spectrum features of

a source audio signal to the features of the target [LCTA19, RBES20, ZSZL20, ZSLL20, SSV20],

thus eliminating the need for parallel data. In addition, evidence shows that the GAN-generated

audio signals, as a source of augmenting data, are valuable for improving the predictive per-

formance of SER models [RBES20, BAS19], which not only indicates that the GAN-generated

audio signals indeed carry e!ective emotional information, but also provides a promising data

augmentation solution for the SER task [LAR+20, CPS+19, RS19, MBS+20].

However, when comparing the waveform of the source audio signal with that of the audio signal

converted using the existing StarGAN-based EVC model [RBES20], we observe that certain

silent frames in the original waveform are assigned disproportionately high amplitude values in

the converted waveform. An example is shown in Figure 5.1. Since these silent frames represent

silence between discrete words or sentences, excessive amplitude values should not be given to
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Figure 5.2: Information bottleneck in AE framework.

these frames in any conversion between emotions. This indicates that the existing StarGAN

framework is prone to generating artifacts; we believe that this is because it transforms the

input clip in a monolithic manner, instead of focusing on the emotional indices, as desired.

This monolithic conversion manner tends to cause the distortion of the linguistic characteristics

(e. g., cracked voices, or jitter) and damages the overall audio quality and speech intelligibility.

Experimental results of existing EVC models also show that the mean opinion scores (MOS)

for audio quality before and after conversion su!er from a significant drop [ZSLL20].

One approach to address this issue is to disentangle emotional features from emotion-independent

features. Feature disentanglement methods based on autoencoder or variational autoencoder

o!er a potential solution (as shown in Figure 5.2) and have been successfully applied to the

voice conversion (VC) task [HHW+16, LZS+18, HWL+19, QZC+19, QJHJM20, HLH+20]. In

[HWL+19], by providing the speaker identity features as a condition to the decoder, the en-

coder learns to encode only the speaker-independent information in the process of minimizing

the reconstruction loss. Experimental results from [HLH+20] show that the degree of disentan-

glement is positively correlated with the performance of the VC model and can be enhanced

by both GANs and the speaker classifier. Inspired by these feature disentanglement methods,

we propose to utilize an autoencoder with two encoders as the generator of the StarGAN as

well as a two-stage training process for the model. The proposed model achieves favorable

results in both the objective evaluation and the subjective evaluation in terms of distortion,
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which reveals that the proposed model can e!ectively reduce distortion and enhance speech in-

telligibility. Furthermore, in data augmentation experiments for end-to-end SER, the proposed

StarGAN model achieves an increase of 2% in Micro-F1 and 5% in Macro-F1 compared to the

baseline StarGAN model, which indicates that the proposed model is more valuable for data

augmentation.

5.2 Background

In this section, we first present the key feature disentanglement method that underpins the

improved StarGAN-EVC, followed by an introduction to the StarGAN framework that forms

its foundation.

5.2.1 Auto-encoder based Feature Disentanglement

The auto-encoder (AE) / variational auto-encoder (VAE) framework provides a possible solu-

tion for feature disentanglement and has been successfully applied to the VC and EVC tasks.

This disentanglement mechanism follows the following principle [QZC+20]: if an information

bottleneck exists in a neural network, the network will preferentially pass through information

that cannot be provided elsewhere. As illustrated in Figure 5.2, the encoder in AE acts as

the information bottleneck since the dimension of the encoder’s output is usually much smaller

than the dimension of its input. By providing the speaker identity embedding or the emotional

embedding (blue blocks) as external information to the decoder, the encoder learns to encode

only the speaker-independent or emotion-independent information (yellow blocks) in the pro-

cess of minimizing the reconstruction loss. Experimental results from [HLH+20] show that the

degree of disentanglement of this framework is positively correlated with the performance of

the VC model.
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Figure 5.3: An example of the problem of having no learning target in the absence of paired
training data.

5.2.2 StarGAN for Multi-domain Conversion

Directly applying the auto-encoder-based feature disentanglement framework on stylized voice

conversion tasks (e. g., VC, EVC, and speaking style conversion) will cause the training-testing

mismatch problem. The auto-encoder will simply learn to reconstruct the input audio signal

throughout the training process without attempting to convert it. During the inference phase,

the auto-encoder will try to convert the style for the first time. The conversion is an entirely

new task for the model and has never been performed in the training process. This mismatch,

to some extent, influences the performance of stylized voice conversion systems.

Some studies [CYLL18, LHL19] explore performing a second-stage training to address this

mismatch problem. Those studies add a conversion stage to the auto-encoder-based feature

disentanglement framework. However, in the absence of paired training data, directly adding a

conversion stage to the training process will lead to the problem of having no learning target.

For example, as shown in Figure 5.3, if we want to convert the voice of speaker A in a speech

signal into the voice of speaker B, since we do not have the utterance of speaker B saying this

sentence (no paired data), even if we add the conversion stage, the auto-encoder cannot carry

out the reconstruction without a target. [LHL19] solves this by integrating a discriminator to

determine whether the speech produced by the auto-encoder is real. This model at the second

conversion stage follows GAN-based training. However, this method uses a single model for

one-to-one domain conversion, which forces us to train multiple models and results in a high

computational ine”ciency when the multi-domain conversion is desired.
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Figure 5.4: The architecture of StarGAN.

The architecture of StarGAN [CCK+18] allows multi-domain conversion with a single model.

As shown in Figure 5.4, StarGAN has a generator G, discriminator D, and auxiliary classifier

C. The generator G first takes a sample x(c2) with a source domain label c2 and a target

domain label c1 as input and outputs a converted version of x conditioned on c1, which is

denoted as x↔(c1). The x
↔(c1) and the source domain label c2 are then inputted back into the

generator, which outputs a reconstructed version of x↔↔(c2). The input of discriminator D is

either a real or fake sample x and its output is the probability of x being real. The classifier

C takes a real or fake sample x as input and outputs a domain probability distribution of x.

During training, The G tries to minimize the reconstruction loss and fool the D by generating

a more realistic sample. The D tries to maximize the loss between the real sample and the

fake sample. The C learns to predict the domain label and helps to enable the many-to-many

emotional conversion.

5.2.3 Data Augmentation through Style Transfer

Data scarcity hinders the improvement of model performance in the field of SER, SI, ASR, and

TTS, which is reflected not only in the lack of large-scale, well-annotated speech corpora but

also in the imbalanced distribution over categories. Previous research seeks to leverage data

augmentation strategies to address this problem. For example, in ASR, [HCC+14, GRAG09]

generates more training samples by adding noise to clean audio, which can improve the ro-

bustness of ASR systems. [JH13] adapts Vocal Tract Length Normalization for data augmen-

tation. This method is further extended to the large vocabulary continuous speech recognition
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(LVCSR) in [CGK15]. [KPPK15] applies speed perturbation on raw audio for LVSCR tasks.

[PCZ+19] proposes a simple but e!ective data augmentation method that consists of three

kinds of deformations of the input log mel spectrogram. In SER, [AP17] shows augmenting

the emotional dataset via speed perturbation leads to a significant improvement. [EFP+18]

proposes a combination of oversampling and vocal tract length perturbation for the SER task.

Recent approaches have explored using style transfer (like EVC) models as a data augmenta-

tion strategy. These style transfer models are often based on GAN due to their ability to learn

and mimic an input data distribution. In SER, [SGE18] investigates using vanilla GAN and

conditional GAN to generate synthetic feature vectors. The experiments show that augment-

ing the training dataset with these synthetic feature vectors improves the SER performance.

[CPS+19] adapts and improves a conditional GAN to generate synthetic spectrograms for the

minority class in the dataset to address the data imbalance problem. [BNV19] further pro-

poses a CycleGAN-based method that generates synthetic feature vectors through emotion

style transfer to augment the data with target emotions. [LAR+20] proposes to combine the

mixup data augmentation technique with a GAN to improve the generation of synthetic fea-

ture vectors and augment the training size of SER for performance improvement. [RBES20]

proposes a StarGAN-based EVC model and shows the value of the generated samples for data

augmentation in SER.

Compared with other data augmentation strategies, data augmentation through style transfer

(like EVC) has two benefits. One benefit is that they enable more controllable and customizable

data augmentation to address the data imbalance problem by synthesizing di!erent speech

styles to supplement the low-resource categories in datasets. Another benefit is that, since

style transfer-based data augmentation strategies can increase the diversity of datasets by

transferring components that are irrelevant to subsequent tasks, these strategies can reduce

the interference of task-independent components on the model and promote the model to learn

the real task-specific distribution. For example, let us imagine a scenario in which we have an

emotional dataset where most of the audio samples for the category “happiness” come from male

speakers. The model trained on this dataset will tend to associate those voice characteristics

of males (such as low formant ranges) to the “happiness” category, which is undesired for a
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generic emotion classifier. This wrong association will be e!ectively avoided by transferring the

male voices from “happiness” samples into some female voices and expanding the training set.

5.3 Related Works

5.3.1 Feature Disentanglement

Inspired by style transfer and feature disentanglement technologies in computer vision, many

studies in EVC and Expressive Speech Synthesis (ESS) tasks explore disentangling emotional

features from speech to help with synthesizing expressive human-like speech. Style embedding

is widely used in ESS. [SRBX+18] learns a fixed-length latent embedding of prosody which

is almost independent of speaker identities. However, this method cannot transfer prosody

independently of content, which means the latent embedding also contains content except for

prosody. [WSZ+18] can transfer speaking styles independently of content by using global style

tokens (GSTs). However, the experiments show that GSTs are not pure style embedding but

contain rich speaker identity (timber) information. [ACP+20] proposed a VAE and House-

holder Flow-based model that can create expressive voices independent of the speaker identity

(timber). However, the model’s e!ectiveness is verified by the emotional strength conversion

of only one emotion category (“exciting”), which needs further experiments on other emotions’

modification. [HSTD20] notices that the style embedding transferred by ESS models contains

also content information, which causes a “content leakage” problem. The same problem also

occurs in EVC except for using the emotional embedding rather than the style embedding

[ZSLL21, RBES20, EPL20]. [EPL20] reported the sound distortion introduced by EVC due to

the impure emotional embedding transfer, which seriously damaged the content intelligibility

of synthesized speech. [SRBX+18] shows that the speaker identity (timber) information is not

completely preserved during prosody transfer. The MOS score for speaker similarity su!ers a

significant drop.

This evidence shows that either for EVC or ESS models, their disentanglement for emotion
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or style is not complete. Features they transferred include not only emotional and stylistic

information but also content and timber information that should be preserved. We attribute

this to the overlap between emotional, timbral, and content-related information. These previous

methods did not explicitly remove the interference of other irrelevant information during the

disentanglement process.

5.3.2 Our Originality

Unlike the baseline StarGAN-based EVC model [RBES20], we explicitly separate emotion-

independent features from emotional features during conversion. When providing the target

emotion label to StarGAN, we use continuous emotional features extracted by a pre-trained

emotion classifier rather than using one-hot vectors to represent each emotion. Similar con-

tinuous emotional features have also been used in [ZSLL20]. However, their model is based

on VAW-GAN in the context of one-to-many emotional conversion, while our model is based

on StarGAN and is able to complete the many-to-many emotional conversion. Besides, their

model simply reconstructs the source spectral envelope without attempting to convert it during

the whole training process. The authors only consider the emotion conversion when testing,

which causes a mismatch between training and testing. Our model eliminates this mismatch

by using a proposed two-stage training process.

5.4 Methodology

Since the harmonic spectral envelope (SP) and the fundamental frequency (F0) contour contain

rich emotion-related features [SB13, YBL+04], we use the WORLD vocoder [MYO16] to de-

compose the raw audio signal into SP, F0, and aperiodicity parameters (AP) before converting.

We then apply the proposed StarGAN framework to generate the SP with the target emotion.

Next, we introduce the two training stages, the model architecture and the final conversion

process.



100 Chapter 5. Disentangled Emotion Features for Emotional Voice Conversion

Figure 5.5: The model structure used in the first stage of training

5.4.1 Training

Training Stage1: Autoencoder training

In the first training stage, we propose to utilize an autoencoder with two encoders as the

GAN generator G, which aims to learn an emotion-independent encoder capable of separating

emotional features from emotion-independent features.

As shown in Figure 5.5, the autoencoder is trained by simply reconstructing the source spectral

envelope SPC1 with emotion C1 without attempting to convert it, which means that the target

emotion is not provided in this stage. The emotion encoder aims to encode emotional informa-

tion, where its latent code E(SPC1) is provided by a pre-trained emotion classifier (fixed during

training stage 1) shown in Figure 5.6. By providing the emotion features of the source SPC1 as

a condition, the emotion-independent encoder learns to eliminate emotional information from

the input, thus making its latent code I(SPC1) emotion independent. The decoder learns to

reconstruct SPC1 using the concatenated latent codes, which can be formulated as:

SP
↔
C1

= G(I(SPC1), E(SPC1)). (5.1)

To make the reconstructed SP
↔
C1

more realistic, we train the autoencoder based on adversarial

learning.
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Figure 5.6: The structure of the pre-trained emotion classifier (left) used as the emotion en-
coder in the improved StarGAN and the SER model (right) used in the data augmentation
experiments.

Training Stage2: StarGAN training

In the second training stage, the typical StarGAN training is implemented to eliminate the

training-testing mismatch in [ZSLL20] and enable the many-to-many emotion conversion.

As shown in Figure 5.7, the emotion-independent encoder and the decoder are the generator

of the StarGAN, denoted as G. We extract the emotion features of audio signals with the

same emotion by using the pre-trained emotion classifier and average them as the feature

representations of target emotion labels. We denote EC2 as the representation of target emotion

C2. The generator G first reconstructs the SP ↔
C2

from EC2 and I(SPC1) and then reconstructs

the SP
↔↔
C1

from EC1 and I(SP ↔
C2
):

SP
↔
C2

= G(I(SPC1), EC2), (5.2)
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Figure 5.7: The model structure used in the second stage of training.

SP
↔↔
C1

= G(I(SP ↔
C2
), EC1). (5.3)

The generator G tries to minimize the reconstruction loss and fool the discriminator D by

generating a more realistic SP. The D tries to maximize the loss between the real SP and the

fake SP. The domain classifier C learns to predict the emotion label and helps to enable the

many-to-many emotion conversion.

5.4.2 Inference

We follow the relative logarithm Gaussian normalized transformation (LGNT) [LZY07] pro-

posed by [RBES20] to convert the F0 contour of an audio signal from emotion C1 to the target

emotion C2.

log(F0↔) = ((log(F0)≃ µ(F0))
↼(F0) +$↼C1, C2

↼(F0)

+µ(F0) +$µC1, C2 ,

(5.4)

where µ(F0) and ↼(F0) are the mean and variance of log(F0). $µC1, C2 and $↼C1, C2 are

the average di!erence in the mean log(F0) and the average change in the variance of log(F0)

between emotion C1 and C2.

At test time, with the spectral envelope converted by our improved StarGAN model and the

F0 contour converted by the relative LGNT, we synthesize the audio signal with the target

emotion via the WORLD vocoder [MYO16].
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5.5 Experimental Details

5.5.1 Model Configurations

For more details of our improved StarGAN framework, we use the same discriminator and

domain classifier structures as the baseline StarGAN-EVC model [RBES20]. The architecture

of our emotion-independent encoder and decoder is the same as the generator in [RBES20,

KKTH18]. The pre-trained classifier used in the first training stage is shown in the left part

of Figure 5.6. The pre-trained classifier has the same structure as the domain classifier in the

second stage. We extract 36 cepstral coe”cients as an approximation to the whole spectral

envelope for each training sample. In both the first and the second training stages, we set

the batch size to 4 and use the Adam optimizer [KB14] with the learning rate (for G, D and

C), ⇀1 and ⇀2 set to 1 ↘ 10→4, 0.5, and 0.999. We perform one generator update after five

discriminator and domain classifier updates in the StarGAN training stage as in [GAA+17].

The first training stage lasts for 400 epochs, and we manually stop the second training stage

when the loss reaches a plateau (approximately 380 epochs).

5.5.2 Datasets

We use the Interactive Emotional Dyadic Motion Capture (IEMOCAP) Database [BBL+08] for

all our experiments. This dataset has been recorded from ten actors in session 1 to session 5,

including emotional scripts and improvised hypothetical scenarios. It contains approximately

12 hours of recordings with 9 emotions. The sampling rate of all recordings is 16 kHz. We

utilize audio signals with three emotions, including angry, sad, and happy, from both scripted

and improvised patterns, which contain 2 435 recordings in total.



104 Chapter 5. Disentangled Emotion Features for Emotional Voice Conversion

Rating Quality Distortion

5 Excellent Imperceptible
4 Good Just perceptible, but not annoying
3 Fair Perceptible and slightly annoying
2 Poor Annoying, but not objectionable
1 Bad Very annoying and objectionable

Table 5.1: Explanation of MOS Scores.

5.5.3 Evaluation

To ascertain whether the separation of emotional features from emotion-independent features

can indeed reduce the distortion of the generated audio signals and improve their overall quality,

we perform an objective evaluation using the MCD and a subjective evaluation via the human

preference test and the mean opinion scores (MOS) test in terms of distortion. To evaluate the

value of the generated audio for data augmentation, we report the performance on the SER

task.

Subjective Evaluation

We conduct two listening tests for our human perception experiments, the human preference

test and the MOS test in audio distortion. 26 fluent English-speaking subjects participated in

all experiments. Each of them was asked to evaluate 60 audio samples (30 pairs), which contain

30 audio samples generated by the three-class StarGAN-based EVC model [RBES20] (denoted

as baseline StarGAN-EVC) and 30 audio samples generated by our proposed StarGAN-based

EVC model (denoted as improved StarGAN-EVC). Both models were trained on the IEMO-

CAP dataset with the same train/validation/test split. Two audio samples of each pair were

generated from one source sample in IEMOCAP to a randomly selected target emotion.

For the MOS test in terms of distortion, participants were shown a pair of samples for each

question and were asked to rate each sample on the MOS scale shown in Table 5.1.
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Objective Evaluation

We also perform an objective evaluation using MCD, which measures the distortion between

two sequences of Mel-cepstral coe”cients. It is a commonly used evaluation metric for assessing

the quality of generated speech signals in VC [MSTS17, TWX+18, TWH+19, THW+20] and

EVC. We calculate the MCD between the mel cepstra of reference audio signals and that of

audio signals converted by both the baseline StarGAN-EVC and the improved StarGAN-EVC

model for all six source-to-target emotion pairs.

Data Augmentation Experimental Design and Evaluation

We use an end-to-end SER model [ZWS19], which directly takes the waveform as its input,

to perform the data augmentation experiments. The architecture is shown in the right part

of Figure 5.6. We first standardized the raw audio signal by using the mean and standard

deviation from the training set. The raw signal was then sampled at an interval of 40ms with

a step size of 10ms. Given the 16 kHz sampling rate of raw signals, the waveform for each

frame is of dimension 640. We randomly selected 16 continuous frames for each audio signal

and got the fixed-size input waveform of dimension 16 ↘ 640. Note that the SER model here

is entirely di!erent from the pre-trained SER model used in our improved StarGAN training.

Also, note that the SER model here is slightly di!erent from the model used in [RBES20] in

terms of kernel sizes and filter numbers; that is why the data augmentation results we report

for the baseline-StarGAN-EVC are di!erent from the results shown in [RBES20]. Our SER

model was trained using the Adam optimizer with the learning rate, ⇀1, and ⇀2 set to 1↘10→5,

0.5, and 0.999. The batch size was set to 4. We employ sessions 1-3 of the IEMOCAP dataset

as the original training set, session 4 as the validation set, and session 5 as the testing set. We

report the Micro-F1 and Macro-F1 scores to evaluate the performance of the SER model on the

testing set. All results are averaged across 10 trials to reduce the e!ect of initialization biases.
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5.5.4 Comparative Models

For the results of EVC performance in Table 5.2, Figure 5.8, and Table 5.3, the comparative

models are:

1) baseline-StarGAN-EVC: the EVC model in [RBES20];

2) improved-StarGAN-EVC: the proposed EVC model.

For the results of data augmentation on the SER task in Table 5.4, the comparative models

are:

3) sessions1-3: the SER model trained on the IEMOCAP dataset of sessions 1-3 (with no

data augmentation);

4) sessions1-3+baseline-StarGAN: the SER model trained on IEMOCAP sessions 1-3 aug-

mented with audio signals generated by the baseline-StarGAN-EVC model;

5) sessions1-3+improved-StarGAN: the SER model trained on IEMOCAP sessions 1-3 aug-

mented with audio signals generated by our proposed improved-StarGAN-EVC model.

5.6 Results and Conclusions

5.6.1 EVC Performance

Subjective Evaluation Results

Table 5.2 illustrates the MOS test results in terms of distortion with 95% confidence interval.

We observe that the improved-StarGAN-EVC model outperforms the baseline-StarGAN-EVC

model with a higher MOS score with no confidence interval overlap.

For the audio preference test, participants were asked to compare samples from each pair and

choose the one they believe in having less perceived distortion (e. g., cracked voices or jitter).
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Models MOS

baseline-StarGAN-EVC 1.952± 0.121
improved-StarGAN-EVC 2.355± 0.084

Table 5.2: Results of the MOS test with 95% confidence interval.

Figure 5.8: Results of audio preference test.

The audio preference test results are summarised in Figure 5.8. We observe that our proposed

model obtained a preference of up to 58.21%, which is almost three times the figure for the

baseline-StarGAN-EVC model, indicating that humans clearly favored samples converted by

our improved-StarGAN-EVC model.

objective Evaluation Results

Table 5.3 reports the MCD values of source-target emotion pairs and the overall MCD values

for all converted audio signals regardless of emotion classes. We observe that our proposed

improved-StarGAN-EVC model outperforms the baseline-StarGAN-EVC model in MCD for

all terms, revealing that our proposed model can e!ectively reduce distortion. Besides, for the

MCD(dB) baseline-StarGAN-EVC improved-StarGAN-EVC

angry-happy 4.291 4.046
angry-sad 4.330 4.265

happy-angry 5.312 4.719
happy-sad 4.112 3.879
sad-angry 6.018 4.826
sad-happy 5.291 3.916

overall 4.777 4.183

Table 5.3: Results of the MCD for source-target emotion pairs and overall converted audio
signals regardless of emotions.
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Models Micro-F1 (%) Macro-F1 (%)

sessions1-3 59.87 (0.3889) 56.64 (0.3761)
sessions1-3+baseline-StarGAN 60.37 (0.7502) 55.41 (0.7933)
sessions1-3+improved-StarGAN 62.62 (1.1956) 60.34 (0.4701)

Table 5.4: Results of data augmentation experiments. Standard deviations for 10 trials are
indicated in parentheses.

sad-happy and sad-angry emotion conversion, our model achieves a distortion reduction of up

to 1.375 and 1.192, which indicates that the proposed feature separation method has a much

better suppression e!ect on distortion when the targets are high-arousal emotions.

5.6.2 Data Augmentation Results

Although the audio distortion evaluation experiments show that our proposed feature separa-

tion method can e!ectively reduce distortion, we still need to determine whether or not this

improvement in audio quality is at the expense of our model’s emotional conversion perfor-

mance.

Table 5.4 demonstrates the performance of SER models trained on training sets with di!erent

data augmentation. We observe that the model trained on sessions1-3+improved-StarGAN

achieves higher Micro-F1 and Macro-F1 scores than the model trained only on sessions1-3,

which indicates that the audio signals converted by our proposed model indeed carry e!ective

emotional information and are valuable for data augmentation. We also note that the model

trained on sessions1-3+improved-StarGAN achieves an absolute increase of 2% in Micro-F1

and 5% in Macro-F1 compared to the model trained on sessions1-3+baseline-StarGAN, which

indicates that our model’s improvement in audio quality is not at the expense of its emotional

conversion performance; on the contrary, the audio signals generated by our proposed model

are more consistent with the distribution of the original dataset and are more valuable for data

augmentation.
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5.6.3 Conclusions

We proposed an improved StarGAN-EVC framework with a two-stage training process that

explicitly disentangles emotional features from emotion-independent features to reduce audio

distortion and enhance emotional conversion performance. Experimental results from both ob-

jective and subjective evaluations demonstrated that the proposed model e!ectively reduces

distortion and significantly enhances speech intelligibility, particularly for high-arousal emo-

tions. Additionally, data augmentation experiments for end-to-end SER tasks validated that

the improvement in audio quality achieved by the proposed model does not compromise its

emotional conversion performance. These findings highlight the value of disentangled emotion

features in enhancing the speech intelligibility of EVC models, as well as their potential for

improving SER applications through high-quality data augmentation.

5.7 Contributions

The main contributions of this chapter are as follows.

• We propose a novel model structure as well as a two-stage training process based on Star-

GAN, which explicitly separates emotion-independent features from emotional features

during emotional conversion;

• We perform both the objective evaluation using Mel-cepstral distortion (MCD) [Kub93]

and the subjective evaluation in terms of distortion to ascertain whether this separation

of features can indeed reduce the distortion of generated audio signals and enhance speech

intelligibility;

• We replicate the data augmentation experiments of the baseline StarGAN-EVC model

[RBES20] to showcase that our proposed model is more valuable for data augmentation.



Chapter 6

Achievements and Outlook

6.1 Summary of Achievements

This thesis aims to enhance speech intelligibility by enabling machines to better interpret

speaker intentions in human speech and produce more comprehensible machine-generated speech,

through the incorporation of paralinguistic features into speech processing systems. The main

achievements of this thesis are summarized as follows.

• In response to the research questions RQ-1 and RQ-1a in Section 1.2, we proposed

an unsupervised, flexible, and perceptually aligned approach for modeling prosody in

speech. These modeled prosodic cues were integrated into a TTS system, achieving a

prosody-aware model with strong generalizability, fine-grained prosody control, and nat-

ural prosody, enhancing intelligibility compared to existing TTS systems.

• In addressing the research question RQ-2 in Section 1.2, we proposed a novel train-

ing strategy that dynamically prioritizes valuable paralinguistic tasks during training

while mitigating negative transfer, enabling a model that more e!ectively interprets the

speaker’s intentions.

• In tackling the research questions RQ-3 and RQ-3a in Section 1.2, we proposed an EVC

model that incorporates disentangled emotional representations, reducing distortions in

110
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converted speech while preserving emotional clarity and improving intelligibility. Addi-

tionally, we explored the use of converted speech for data augmentation, demonstrating

its e!ectiveness in enhancing the performance of SER models.

6.2 Limitations and Future Perspectives

While this thesis demonstrates significant advancements in enhancing speech intelligibility

through paralinguistic features, several limitations remain that open opportunities for further

exploration.

6.2.1 For Chapter 3

Intonation Representation: Discrete Tokens vs. Continuous Representations

The learned intonation shape tokens in Chapter 3 provide a compact and label-free way to

model phrase-final intonation. They are stable, easy to control, and e!ectively capture the

most salient terminal contour types without requiring manual annotation. However, their

discrete nature makes control relatively coarse, limiting fine adjustments within phrases, and

they may be language-specific, as the same token inventory may not generalize well to tonal

or typologically distant languages. In contrast, continuous, articulatory models such as qTA

[POXT09, GZX+20] o!er fine-grained, interpretable control through continuous parameters

that represent target pitch height, slope, and rate of change, naturally accounting for cross-

linguistic prosodic variation. Future work can explore a hybrid approach that combines the

categorical clarity of shape tokens with the flexibility of continuous control, allowing both

intuitive manipulation and precise modeling of prosody across languages.
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Prominence and Rhythm Aspects of Prosody

ProsodyFM currently targets two controllable dimensions of prosody—phrasing and termi-

nal intonation—but speech intelligibility is also shaped by prominence (perceived stress) and

rhythm (isochrony, tempo variation), which we view as promising, complementary directions

for future work.

For prominence, which is a pattern closely associated with phoneme-level realization, a practical

next step is to mirror the intonation design in our ProsodyFM with phoneme-aligned promi-

nence tokens. Each phoneme would be augmented with a discrete prominence token drawn

from a small set of classes (e.g., “none/weak/strong”), giving the model a fine-grained and

explicit handle on perceived stress that can be manipulated at inference time. The main chal-

lenge lies in obtaining reliable prominence labels for supervision. As suggested by prior work

[RH07, WN07, Ros10], prominence in English can be derived automatically from continuous

acoustic cues—such as F0, energy, duration, and spectral characteristics—and then mapped to

a small, stable codebook of prominence levels, which can be used to train the model to realize

and control prominence jointly with phrasing and intonation.

For rhythm, in contrast to intonation and prominence—which are tightly coupled to phoneme-

level realization—is a more global property that governs how durations are distributed across

an utterance or phrase. A promising future direction is therefore to introduce global rhythm

control signals, analogous to the way we model speaker identity in ProsodyFM. Concretely,

one could condition the duration modules on a learned rhythm embedding that encodes tempo

and isochrony patterns at the utterance or phrase level. These global rhythm controls could be

estimated from normalized duration statistics (such as inter-stress intervals or syllable timing

patterns) during training and then manipulated at inference time to adjust rhythm at the

utterance or phrase level.
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Domain Adaptation

For real-world use, ProsodyFM must be robust across domains so that prosody modeling and

control remain stable for audiobooks, conversations, and instruction-style speech. Achieving

this robustness requires both adaptation and normalization. A promising first step is to factor

out domain and style variability by introducing a separate domain/style indicator and training

the model so that phrasing and intonation controls remain invariant while the indicator absorbs

di!erences in speaking style and recording channel. When adapting to a new domain, the

prosody control space would be kept fixed, and only the indicator embedding with a small set

of adaptation layers would be tuned on the new data. In parallel, basic acoustic cues (F0, energy,

duration) could be normalized per speaking style or per domain before inferring ProsodyFM

controls, so that a given control signal corresponds to a comparable relative phrasing pattern

or terminal intonation pattern across di!erent speaking styles and recording conditions.

Cross-lingual Adaption to Mandarin

ProsodyFM currently focuses on English, a non-tonal language, which limits its applicabil-

ity in multilingual settings. Integrating its prosodic modeling with cross-lingual TTS systems

would significantly broaden its usefulness in real-world scenarios. For cross-lingual adaptation

to tonal languages such as Mandarin, two main extensions are needed at the break and into-

nation levels. At the break level, our current intonational-phrase boundary detector relies on

a pretrained PSST [RGT23] model that does not support Chinese, so we would replace it with

a Mandarin-specific break-location detector: a high-accuracy Voice Activity Detection (VAD)

module [YLL+24] would propose candidate break locations, and a learned classifier would filter

these using both acoustic and text-side cues, serving as a drop-in replacement for PSST on

Chinese speech. At the intonation level, because Mandarin expresses lexical tone in addition to

sentence-level intonation, the terminal intonation patterns (questions, statements, hesitations,

etc.) described in Chapter 3 will need to be modeled over a larger prosodic unit than just

the last word of the intonational phrase in English [CJ11, XM12]. Concretely, we would shift

conditioning from the “last word” to the last prosodic unit (e.g., a phrase or several characters),
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adjust the granularity of the modeled intonation patterns accordingly, and constrain smoothing

to the phrasal register only, avoiding any smoothing across syllable-level tone contours so as to

preserve the micro-prosody of individual characters.

6.2.2 For Chapter 4

Task curricula vs. MAB

Curriculum learning is closely related to the proposed bandit-based task scheduler, as both seek

to control the temporal ordering of tasks during training to stabilise and improve learning. In

chapter 4, however, our primary goal was to investigate whether emotion-related auxiliary tasks

can e!ectively support multi-modal DAC, so we started from a setting where task relatedness

and di”culty were unknown and could not be reliably used to design a principled curriculum.

We therefore cast multi-task learning as an online task-utility estimation problem and adopted

a non-stationary bandit that reacts to observed improvements on DAC, rather than prescribing

a fixed task order.

As future work, it would be interesting to explore curriculum learning as a complementary

mechanism: curricula assume at least a partial ordering of tasks (e.g., by relatedness to DAC

or by di”culty), and it is plausible that, especially for long-context dialogues where optimisation

is more unstable, a well-designed curriculum could yield more stable and possibly larger gains

than a purely reactive bandit schedule. A promising direction is to systematically compare

fixed curricula, bandit-only schedules, and hybrid strategies that first use bandit statistics to

infer an approximate task ordering and then apply bandit-style adaptation within or between

curriculum stages, particularly on long-context, multi-modal DAC benchmarks.

Auxiliary-Task MTL in the Era of Speech Foundation Models

One aim of the chapter 4 is to investigate whether emotion-related auxiliary tasks are actually

beneficial for DAC in a multi-modal setting, which motivates our explicit auxiliary-task MTL
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formulation and the proposed bandit-based task scheduler. Looking ahead to practical DAC

systems, and in light of the rapid progress in speech foundation models, explicit auxiliary-

task MTL combined with a scheduler is unlikely to remain the only or even primary lever.

Modern self-supervised speech encoders such as HuBERT [HBT+21], WavLM [CWC+22], and

Whisper-style speech foundation models [RKX+23] already learn representations that jointly

capture prosodic, phonetic, and semantic information, and they achieve strong performance on

broad benchmarks like SUPERB with frozen backbones and lightweight task-specific heads. In

such a regime, the marginal benefit of hand-designed auxiliary tasks may diminish as more of

the relevant structure is absorbed during pre-training. Moreover, DAC is now part of standard

spoken language understanding (SLU) benchmarks used to evaluate LALMs, such as SLUE-

PERB [APC+24] and Dynamic-SUPERB Phase-2 [HCY+24], where current speech foundation

models and LALMs already report strong DAC F1 scores—for example, Whisper-style OWSM

v3.1 [PTC+24] and instruction-tuned systems such as UniverSLU [AFJ+24] perform well using

only shallow heads or prompt-based interfaces.

At the same time, many speech-related tasks—especially in low-resource, highly imbalanced, or

domain-specific settings—are unlikely to be fully solved “out of the box” by speech foundation

encoders plus shallow heads or generic LALMs. In these regimes, one still has to decide how to

adapt the backbone e!ectively, and this is where auxiliary-task MTL and our bandit scheduler

remain relevant. Techniques such as adapter modules, prompt tuning, and representation

probing primarily control how a strong backbone is specialised for each task, whereas our non-

stationary bandit scheduler controls how training updates are allocated across tasks over time.

These two axes are orthogonal. From a future perspective, our method is best viewed not as a

competitor to strong speech/text backbones or LALMs, but as a complementary task-scheduling

mechanism that can be layered on top of them, potentially enabling more sample-e”cient and

robust adaptation in challenging scenarios where foundation models alone are not yet su”cient.
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Conversation-level Prosodic Cues

In chapter 4, lexical and emotional cues are modeled only at the utterance level, using au-

dio/text embeddings and emotion-related auxiliary tasks, and conversation-level phenomena

such as entrainment and turn-transition cues are not captured. However, prior work shows

that the longer-range prosodic dynamics are closely linked to communicative functions like

backchannels and floor management. For example, specific patterns — including pitch move-

ments, intensity changes, and segmental lengthening—strongly influence backchannel likelihood

[GH09, LGH11]. Similarly, turn-yield and turn-hold cues, such as final lengthening, pitch reset-

ting, and pause timing, reliably signal floor transitions [EH05b, HELP09]. Future work should

therefore integrate explicit conversation-level descriptors—such as cross-turn F0 and energy tra-

jectories, overlap patterns, and entrainment measures—into the DAC framework. This can be

achieved via dedicated conversation-level encoders or auxiliary tasks targeting turn transitions.

Domain Shift and Robustness

In chapter 4, the proposed emotion-assisted DAC model is trained on a single English corpus,

without accounting for the interaction types (scripted, spontaneous), genre/platform (lab tasks,

telephone, social media), or population di!erences (age, gender). Prior work on cross-domain

DAC shows that even purely lexical models degrade under domain shift: [WLHW08] reports

substantial drops when a cue-phrase–based DA tagger trained on one corpus is applied to

another, while [VWvdG22] shows that transformer-based DAC models on social media require

lexical normalisation, resampling of label distributions, and explicit use of dialog context to

remain robust across platforms and domains. These results suggest that the gains obtained

from emotion-related auxiliary tasks and bandit-based scheduling may not transfer uniformly

across corpora, populations or interaction styles.

A prospective future plan to increase the generalizability and robustness of the current emotion-

assisted DAC model is: (i) move from single-corpus training to cross-corpus, cross-domain fine-

tuning, unifying label spaces over multiple DA datasets so that the model learns emotion and
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DA patterns that generalise across settings [WLHW08]; (ii) exploit the finding that robust-

ness improves when DAC is context-aware rather than utterance-only by encoding previous

turns (text, prosody, speaker, and previously predicted DAs/emotions) [VWvdG22] and defin-

ing context-sensitive auxiliary tasks; and (iii) mitigate label imbalance and rare acts through

class-balanced or smoothed sampling and by leveraging corpora where key dialogue acts (e.g.,

backchannels, questions, floor-taking moves) are more frequent [Kat24].

For evaluation, a standardized stress test should include training on one or more source corpora

and testing on held-out target corpora, using fixed train/dev/test protocols so that results

are comparable across studies. In addition, corpora should be annotated for demographic

attributes, and evaluation should report not only overall macro-F1/UAR but also subgroup-wise

and worst-group performance, making systematic drops for particular populations or domains

explicit.

6.2.3 For Chapter 5

Limitations

The experiments in this chapter were carried out at the end of 2020 on a WORLD-based

StarGAN EVC framework trained on a subset of IEMOCAP. From today’s perspective (late

2025), both the baseline StarGAN-EVC and our improved StarGAN-EVC must be regarded

as very weak systems: their subjective speech quality remains in the “poor” region of the

MOS scale, with scores of 1.95 and 2.36 respectively (where a score around 2 corresponds

to “poor, annoying but not objectionable” on the standard 5-point MOS scale). This low

perceptual quality makes human listening tests for emotion classification di”cult and unreliable.

In contrast, modern EVC systems [PHY+25, QWL+25] routinely report MOS values around

4.0, i.e., close to natural speech quality.

Under these conditions, the experiments in this chapter should be interpreted as showing only

that, on a very weak StarGAN-EVC baseline, explicit feature separation can reduce spectral

distortion (MCD), slightly improve MOS, and generate speech signals that are useful for improv-
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ing SER performance. The main contribution of this chapter therefore lies not in providing a

practically competitive EVC system, but in its methodology and conceptual insight: it demon-

strates that explicit disentanglement of style features is a promising direction for improving

style transfer models. In practice, the most realistic use of this system is as a controlled gener-

ator for SER data augmentation rather than as a deployable EVC model. This idea has since

been taken up and extended by later style transfer systems and data augmentation studies that

explicitly cite our paper [HCRS21] when targeting synthetic data augmentation [IPL24] and

higher-quality style transfer system [RWM+22].

There are two main technical reasons for the poor absolute quality of our system. First,

StarGAN training is highly unstable and capacity-limited, which constrains the expressive

power of the generator and makes it di”cult to capture fine-grained acoustic details. Second,

our feature disentanglement scheme likely su!ers from information leakage. The inductive biases

[LBL+19] in this scheme include an architectural bias in the form of an auto-encoder–style

information bottleneck, and an invariance bias, where the final emotion embedding is obtained

by averaging embeddings from multiple utterances with di!erent speakers and linguistic content

but the same emotion label, so that speaker- and content-specific components are encouraged

to be washed out by averaging. However, the capacity of the information bottleneck is not

carefully controlled, and we do not impose su”ciently strong inductive biases to explicitly

eliminate speaker- and content-related information in the final emotion embeddings; as a result,

speaker identity, phonetic content, and other nuisance factors likely remain partially entangled

with emotion and can still be altered during conversion.

Future Perspective: Performance Improvement

From today’s perspective (late 2025), several lines of work point to promising directions for

improving the proposed EVC system. On the one hand, advanced generative paradigms such

as di!usion and flow matching models [PLW+24, SYYC25, PHY+25] can replace the StarGAN-

based backbone in this chapter; their likelihood- or regression-based training, instead of a

purely adversarial min–max game, largely alleviates mode collapse and instability and should
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provide better coverage of the target emotional speech distribution. On the other hand, stronger

inductive biases can be introduced to enhance feature disentanglement. [WDY+21, YTZ+22,

CXC+22, CLS+24] add a stronger invariance bias to the autoencoder framework by minimizing

mutual information between style-related and style-independent features, thereby discouraging

shared information and reducing leakage between the two latent spaces. [CYC+23] introduces

a stronger architectural bias by using separate emotion and content encoders, an attention

mechanism that highlights emotion-salient frames, and a loss that penalizes similarity between

emotion and content features on those frames, thereby encouraging a more emotion-specific

latent space.

Future Perspective: Zero-shot EVC vs. Fixed-class EVC

In this chapter, the proposed EVC framework is trained on a fixed set of discrete emotion

classes. Recent advances in EVC, however, have demonstrated zero-shot settings that o!er

much greater flexibility and scalability. In zero-shot EVC [CLS+24, PHY+25, SYYC25] the

target emotion style is specified dynamically, either by providing a reference utterance whose

emotion is to be imitated or by supplying textual instructions that describe the desired emotion,

so a single model can perform any-to-any conversion and naturally generalize to unseen emotion

styles without retraining. By contrast, traditional fixed-class EVC realizes at best many-to-

many conversion within a predefined emotion inventory; extending it to novel emotions would

typically require collecting new labeled data and training (or at least fine-tuning) a separate

model, which limits practicality when users demand fine-grained, personalized, or previously

unseen emotional styles. Given these advantages in flexibility and generalization, zero-shot

EVC represents a particularly promising direction for future work.

Future Perspective: Prosody-aware EVC

Prosody and emotion are tightly related but live at di!erent levels: prosody is a relatively

low-dimensional, fundamental aspect of speech, grounded in clear acoustic correlates such as

F0, duration, speech rate, and intensity, while emotion is a higher-dimensional construct that
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is largely realized through systematic configurations of these prosodic components. Empiri-

cal studies consistently show that high-arousal emotions (e.g., anger, joy) are associated with

higher mean F0, larger F0 range, faster speech rate and higher intensity, whereas low-arousal

emotions such as sadness exhibit lower F0, slower speech rate, longer pauses and reduced in-

tensity [BS05, JL03, SCDC+01]. Emotion transfer is therefore intrinsically di”cult—labeled

emotional corpora are limited, labels are noisy and subjective, and the underlying a!ect space is

high-dimensional—whereas transferring and controlling prosodic components is comparatively

easier, because these components map directly to measurable physical quantities (pitch tra-

jectories, segmental durations, energy contours), for which reliable automatic labels and even

unsupervised modeling are feasible. In this view, converting the emotion of a speech signal can

be framed as converting the underlying configuration of basic prosodic components. Progress

in prosodic modeling—such as the explicit modeling of phrase breaks and terminal contours in

chapter 3—can be directly propagated to EVC systems, and building strong prosodic models

and interfaces for prosody control should be regarded as a necessary foundation for robust and

scalable a!ect modeling in future EVC.

Future Perspective: A Balanced Evaluation Protocol for EVC

As discussed in the previous chapter of limitations, the proposed StarGAN-based EVC system

still su!ers from poor speech quality, so its most realistic use is as a controllable generator for

SER data augmentation rather than as a deployable EVC model. As this field evolves rapidly,

a balanced evaluation protocol for deployable EVC systems should therefore consider not only

audio quality and the success of emotional transfer, but also the degree to which factors that

ought to be preserved—most notably linguistic content and speaker identity—remain stable

during conversion. Concretely, such an evaluation should cover at least four aspects: (i) speech

quality, assessed with standard objective distortion measures (e.g., MCD) and subjective lis-

tening tests (e.g., MOS); (ii) emotion transfer, measured using appropriate objective similarity

metrics [SYYC25] and subjective tests such as perceptual emotion identification [SYYC25];

(iii) content preservation, evaluated with ASR-based measures such as WER (or related met-

rics) and subjective tests such as perceptual content identification [CXC+22]; and (iv) speaker
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preservation, assessed by objective speaker similarity scores [SYYC25] and subjective tests

such as perceptual speaker similarity [YTZ+22]. Beyond these four aspects, a more advanced

evaluation protocol can further incorporate overall intelligibility [UDL+25] and prosody natu-

ralness/similarity [BCM+23, UDL+25], to capture how well the converted speech functions as

fluent, context-appropriate communication.

6.2.4 Future Perspective: Unified Representations and Systems for

Both Speech Understanding and Synthesis

In this thesis, three separate models are proposed for TTS, DAC, and EVC, each with its

own tailored representations for prosody, dialogue act, and emotion. Looking ahead, a promis-

ing direction is to move from such task-specific systems toward unified large audio language

models (LALMs) [DMO+24, DJL+25, GGK+25, WYH+25, XGH+25], in which a single model

jointly supports synthesis (TTS/EVC) and understanding (including DAC) by using audio

codec tokens as a shared representation. In the standard codec/encoder → adapter → LLM

→ decoder framework of LALMs, raw waveforms are first mapped by a neural audio codec

(or continuous encoder) into a compact sequence of audio tokens that preserve both linguistic

and paralinguistic cues. These tokens are then projected via a lightweight adapter into the

embedding space of a large language model, which is trained on massive amounts of paired

audio data for a broad spectrum of understanding tasks (DAC, SER, speaker identification,

music classification, etc) and generation tasks (TTS, EVC, VC, audio question answering, mu-

sic generation, etc). On the output side, the same class of audio tokens is predicted by the

LLM for synthesis-oriented tasks and deterministically rendered back to waveform by the codec

decoder. As a result, LALMs exhibit a rich suite of abilities—accurate audio understanding,

high-fidelity speech synthesis and conversion, instruction following over mixed text–audio in-

puts, long-context conversational memory, and non-trivial reasoning over acoustic and linguistic

information—all grounded in this shared audio token representation.
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6.3 Ethical Considerations

The research topics explored in this thesis, including prosody-aware TTS, emotion-aided DAC,

and EVC, hold significant potential to advance and enhance the e”ciency of human-computer

communication. However, the development, application, and implications of these proposed

models raise several ethical considerations that must be carefully addressed.

Firstly, the development of the proposed models relies on datasets for training and evaluation,

which may include sensitive or personal information, such as speech recordings and emotional

annotations. This may raise ethical concerns regarding data privacy. To address these concerns,

the datasets used in this thesis (VCTK [YVM19], LibriTTS [ZDC+19], EMOTyDA [SPSB20],

IEMOCAP [BBL+08]) are all publicly available and obtained under o”cial and legitimate

licenses. Additionally, all personal information within these datasets is anonymized to ensure

the protection of individual privacy.

However, anonymization alone may not provide su”cient protection as adversarial attacks

on AI systems become more sophisticated. For example, emerging technologies such as re-

identification techniques have made it possible for attackers to uncover hidden identity infor-

mation from anonymized speech data. To mitigate such risks, future research should explore

more powerful privacy protection technologies, such as di!erential privacy and federated learn-

ing. At the same time, strict ethical guidelines for dataset usage need to be developed and

enforced. While this thesis uses publicly available and o”cially licensed datasets, future re-

search involving new datasets must ensure that data contributors provide informed consent.

This means participants must be clearly informed of how their data will be used, the scope of

its usage, and any associated privacy risks.

Secondly, paralinguistic features, such as intonation, phrasing, and emotional expressions, ex-

hibit significant variation across individuals with di!erent cultural, linguistic, and gender back-

grounds. This diversity poses challenges in ensuring fairness and inclusivity in the evaluation of

TTS and EVC models, as these processes inevitably involve subjective human perception. To

address potential issues of bias and fairness, this thesis incorporates fairness-focused subjective
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evaluation metrics. These metrics are carefully designed to ensure that models are evaluated

according to consistent and standardized criteria, minimizing the impact of subjective variabil-

ity.

Beyond the preliminary step, future research may focus on developing more culturally and

linguistically diverse evaluation methods. Researchers could employ interpretable machine

learning techniques to identify and understand subtle, latent factors that contribute to bi-

ased judgments of speech. Furthermore, by incorporating findings on how individuals from

diverse cultural and linguistic backgrounds perceive prosodic and paralinguistic cues, evalua-

tion criteria could be designed to dynamically adapt over time, thereby reducing biases and

improving the overall fairness of evaluation procedures.

Thirdly, while the proposed models o!er significant benefits for human-machine interaction,

they also pose potential risks of misuse. For example, a prosody-aware TTS system capa-

ble of synthesizing speech with human-like prosody could be exploited for malicious purposes,

such as impersonation, fraud, or the creation of deepfake audio. To mitigate these risks, this

thesis adopts a balanced approach: fundamental technical code is shared openly to maintain

transparency, while access to specific model parameters is restricted exclusively for academic

purposes. This is enforced through a certification process that explicitly prohibits any applica-

tions beyond academic research, ensuring the technology is employed responsibly and for the

benefit of research and development.

Additionally, future work could focus on incorporating techniques like automated watermarking

into generated speech, which would help detect fake or manipulated audio. Alongside these

technical measures, researchers could collaborate closely with policymakers, industry leaders,

and ethics committees to establish clear standards and guidelines that not only define the

scope of the usage of these technologies but also outline e!ective safeguards against misuse. By

integrating technical defenses and clear policies, the community can foster a responsible and

trustworthy environment for the continued development of speech-based AI systems.
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