
Proximal Interpolative Fusion of Heterogeneous

Representations for Affective and Secure Voice

Intelligence

A THESIS

SUBMITTED IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE

DEGREE OF

DOCTOR OF PHILOSOPHY

BY

ORCHID CHETIA PHUKAN

PHD22025

COMPUTER SCIENCE AND ENGINEERING

INDRAPRASTHA INSTITUTE OF INFORMATION TECHNOLOGY DELHI

NEW DELHI- 110020

June 14, 2026



THESIS CERTIFICATE

This is to certify that the thesis titled Proximal Interpolative Fusion of Heterogeneous

Representations for Affective and Secure Voice Intelligence, submitted by Orchid

Chetia Phukan, to the Indraprastha Institute of Information Technology, Delhi, for the

award of the degree of Doctor of Philosophy, is a bona fide record of the research work

done by him under our supervision. The contents of this thesis, in full or in parts, have

not been submitted to any other Institute or University for the award of any degree or

diploma.

Dr. Arun Balaji Buduru
Supervisor
Associate Professor
Dept. of Computer Science and Engi-
neering
IIIT-Delhi, India

Prof. Rajesh Sharma
Supervisor
Professor
Dept. of Computer Science and Artifi-
cial Intelligence
Plaksha University, India

Place: New Delhi

Date: 14th June, 2026

rajesh.sharma
Pencil

rajesh.sharma
Pencil



Declaration

“I acknowledge that I am fully responsible for the entire content of my thesis, including

any sections assisted by online tools, including Artificial Intelligence-based tools. I

accept full accountability for any violations of ethical standards in publications arising

from the use of such tools.”.

Month, Year: June, 2026

Student Name: Orchid Chetia Phukan

Roll Number: PhD22025

Advisor(s) Name: Dr. Arun Balaji Buduru & Prof. Rajesh Sharma

Indraprastha Institute of Information Technology Delhi

New Delhi 110020

i



ACKNOWLEDGEMENTS

Looking back now, this Ph.D. has gone by like the wind—years that passed almost

unnoticed because I was so deeply immersed in research, experiments, and ideas. It

feels surreal to be writing this acknowledgment, marking the close of a journey that

was intense, demanding, and deeply fulfilling. In many ways, this also feels like a

moment to thank myself—for the persistence and commitment that carried me through.

I am thankful to everyone who has supported, encouraged, and believed in me

throughout this journey. I am thankful to my advisors, Dr. Arun Balaji Buduru and

Professor Rajesh Sharma. Their guidance has helped me grow as a researcher and also

as a individual. I am especially thankful to Dr. Arun Balaji Buduru for giving me the

freedom to explore the problems I genuinely care about—this freedom allowed me to

follow my instincts, learn independently, and build work that reflects my passion. Both

my advisors consistently pushed me intellectually and supported me with patience and

unwavering belief.

I am thankful to my institute, IIIT-Delhi, for their generous support through the

stipend and conference funding throughout the years. Their financial assistance re-

moved barriers and enabled me to pursue research without distraction. Their financial

help took away obstacles and let me do research without being distracted. I also ap-

preciate the chances I’ve had to present my works at international conferences like

INTERSPEECH 2023, INTERSPEECH 2024, EUSIPCO 2024, INTERSPEECH 2025,

ICASSP 2025, and APSIPA 2025. The welcoming speech community has been a big

part of my academic path and I look forward to contributing more to this field in the

years ahead. I’m also grateful for the travel grants that supported me for presenting my

research at INTERSPEECH 2024, EUSIPCO 2024, and APSIPA 2025.

Finally, I want to express my deepest gratitude to my parents—Maa and Deuta—my

younger brother, my closest research comrades Mohd Mujtaba Akhtar and Girish, and

my lab-mates in USG. Their constant support, encouragement, and belief in me kept

me grounded, especially during the most demanding moments. This journey would

ii



not have been possible without their presence, patience, and faith. I would also like

to express my sincere thanks to my defense committee, Prof. Hemant Purohit, Prof.

Salil Kanhere, and Prof. Anil Kumar Vuppala for providing valuable feedback and

suggestions.

Orchid Chetia Phukan

iii



ABSTRACT

KEYWORDS: Voice Intelligence; Pre-Trained Models; Emotion Recognition;

Synthetic Speech Detection

The rapid emergence of large-scale Pre-Trained Models (PTMs) trained on massive and

diverse corpora has fundamentally reshaped the landscape of numerous AI domains, in-

cluding natural language processing, computer vision and voice intelligence. In the sce-

nario of Voice Intelligence Systems (VIS), PTMs have completely shifted the paradigm.

From usage of handcrafted features and task-specific architectures towards rich, gener-

alizable representations that encode acoustic, linguistic, and paralinguistic cues in a

unified feature space. As a result, enabling downstream tasks to be learned efficiently

even in low-resource or label-scarce settings. In this thesis, we focus on two critical

frontiers of VIS: firstly, the affective dimension, which concerns the system’s ability to

interpret users’ emotional and expressive states. Secondly, the secure dimension, which

requires robustness against synthetic-speech manipulations such as voice cloning and

the capability to attribute a fake to its generating model. Both of these tasks are essen-

tial for preserving trust and system integrity. These two capabilities are complementary

and increasingly necessary across modern applications. Affective understanding sup-

ports conversational agents, healthcare monitoring, and human–computer interaction,

whereas security underpins voice authentication, forensic analysis, and safety-critical

communication. In emerging personalized and identity-aware services, both affective

insight and resilience to synthetic speech are essential for trustworthy, user-centric VIS.

Both dimensions have seen substantial progress with the rise of large PTMs, and recent

research has increasingly leveraged these models to advance VIS. However, PTMs are

highly heterogeneous—differing in architectural design, training objectives, linguistic

scope, and modality grounding. Consequently, each PTM encodes a distinct and partial

view of the speech signal, emphasizing different acoustic, paralinguistic, or semantic

cues.

Recognizing this, researchers in application such as automatic speech recognition
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have begun exploring fusion of heterogeneous PTMs representations to exploit comple-

mentary strengths for better performance, with similar trends emerging in different NLP

and computer vision applications. In this thesis, we explore and deepen this direction

by investigating how heterogeneous PTM representations can be systematically fused

to advance both the affective and secure frontiers of VIS. To enable effective fusion, we

introduce Proximal Interpolative Fusion, a novel fusion paradigm. Proximal refers to

bringing diverse PTM representations into task-relevant compatibility across geometric,

divergence, and interaction spaces. Interpolative denotes learning an intermediate fused

manifold rather than collapsing one PTM’s representational space into another, thereby

preserving complementary paralinguistic, acoustic, and semantic cues. Building on this

paradigm, we develop a set of novel fusion frameworks that are organized into three

core families, each capturing a distinct principle for how heterogeneous representa-

tions are combined. (i) Geometry Guided Alignment enables fusion by placing PTM

representations into shared geometric spaces prior to integration. This family includes

HYFuse, which fuses representations through hyperbolic projection and möbius op-

erations; MATA, which employs optimal transport for manifold-to-manifold alignment;

and MERLINN, which performs dual-geometry fusion across euclidean and hyperbolic

spaces. (ii) Interaction Guided Alignment achieves fusion through explicit interaction

operators applied between representations. This includes MiO, which integrates PTM

representations through bilinear pooling, followed by SCAR, which employs a cascaded

cross-attention mechanism. (iii) Divergence Guided Alignment fuses representations by

harmonizing their underlying distributional structure. This includes FINDER, which

aligns representational distributions using renyi divergence, and COFFE, which lever-

ages chernoff distance to jointly optimize separability. Additionally, PARROT serves

as a hybrid framework that combines Interaction Guided with Geometry Guided Align-

ment through a hadamard interaction branch followed by optimal transport. Across af-

fective and secure VIS tasks—including emotion recognition (MATA, HYFuse, PARROT)

and synthetic-speech detection and attribution (MiO, MERLINN, FINDER, SCAR, COFFE),

these frameworks consistently demonstrate that carefully structured fusion outperforms

individual PTMs, underscoring its importance for developing improved affective and

secure VIS in the era of PTMs.
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CHAPTER 1

INTRODUCTION

1.1 Overview

“The voice is mirror to your soul”

The human voice—often described as a mirror to the soul—conveys far more than the

literal meaning of spoken words. Embedded within its pitch, rhythm, timbre, and dy-

namics are rich paralinguistic cues that reflect a speaker’s emotional state, intentions,

identity, and communicative style. Over the past decade, voice has emerged as one of

the most expressive and information-rich modalities for human–computer interaction,

offering deep insight into the human condition. Although it is easy for humans to rec-

ognize and understand these cues, making it possible for computational system to do

so with similar refinement is still a major problem-one that is at the core of VIS. These

days, VIS are used for more than just assistive applications; they are the backbone of

secure authentication, individualized services, remote healthcare, and seamless commu-

nication. In this thesis, we address two key dimensions of VIS: the affective dimension,

which enables the system to interpret users’ emotional and expressive states, and the

secure dimension, which demands robustness to synthetic-speech attacks such as voice

cloning and the ability to attribute a fake to its underlying generative model—both cru-

cial for maintaining trust and system integrity. These capabilities complement one an-

other and are increasingly vital across modern applications. Affective understanding

drives conversational agents, healthcare monitoring, and human–computer interaction,

while security forms the foundation of voice authentication, forensic investigation, and

safety-critical communication. As personalized and identity-aware services continue

to expand, the combination of emotional awareness and resilience to synthetic speech

becomes essential for building trustworthy, user-centric VIS (see Figure 1.1). Within

the affective dimension, we focus on tasks such as SER and NVER, both of which aim

to infer users’ emotional states—across the general population as well as for individ-

uals with minimal speaking capabilities. Within the secure dimension, we study SSD,



Detected Emotion : Sad

Are you feeling well?

Speaker Verified : Nina

Figure 1.1: Affective and Secure VIS

including the edge case where the emotional content of speech is intentionally manip-

ulated, followed by SSSA, which identifies the generative model responsible for pro-

ducing a fake. Together, these tasks reflect the core requirement of affective and secure

VIS: systems that not only process speech signals, but also understand and safeguard

the users against synthetic manipulation.

1.2 Background

Over the years, substantial research within affective and secure VIS—particularly for

tasks such as SER and SSD—has explored handcrafted features with classical learning

methods Kishore and Satish (2013); Jin et al. (2015); Villalba et al. (2015); Balamurali

et al. (2019). These approaches were later succeeded by deep learning architectures, in-

cluding CNNs, capsule networks, and end-to-end neural models Issa et al. (2020); Qian

et al. (2016); Luo et al. (2021); Ma et al. (2021). More recently by the dawn of this

decade, the scenario of these tasks has been fundamentally changed by the rapid emer-

gence of large-scale PTMs. Models such as Wav2vec2 Baevski et al. (2020), HuBERT

Hsu et al. (2021b), and WavLM Chen et al. (2022a) learn rich acoustic, semantic, and

paralinguistic representations from massive and diverse corpora, enabling strong per-

formance even in low-resource settings. By eliminating the need to train task-specific

models from scratch, PTMs significantly reduce both development time and computa-

tional cost. These models have been successfully adopted for SER Pepino et al. (2021);

wen Yang et al. (2021) and SSD Eom et al. (2022), with further studies showing that

augmenting PTM-based features with prosodic or pronunciation cues can improve ro-

bustness Wang et al. (2023). Similar trends are observed in NVER and SSSA, where

earlier work relied on classical algorithms such as SVMs, followed by deep learning
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architectures including residual networks and LSTMs Hsu et al. (2021a); Klein et al.

(2024). More recent studies show that the incorporation of PTMs has substantially ad-

vanced these tasks as well Tzirakis et al. (2023); Klein et al. (2024); Xuan et al. (2025).

The effectiveness of PTMs across affective and secure VIS stems from the highly infor-

mative and discriminative representations learned during large-scale pre-training, en-

abling downstream1 models to achieve strong performance.

1.3 Research Gap and Motivation

The PTMs are highly heterogeneous, as they differ in architectural design (transformer-

or state-space–based), pre-training objectives (self-supervised or supervised), linguistic

scope (monolingual vs. multilingual), and modality grounding (multimodal vs acoustic-

only) Mohamed et al. (2022). These variations create different inductive biases in the

learned representational space, which means that each PTM encodes a different view of

the speech signal, often with a non-overlapping description. They may encode different

mixes of acoustic detail, semantic cues, and paralinguistic information Pasad (2025).

This uniqueness among PTMs is not only a cause of inconsistency; it can also be an

advantage. The variety in their learned representations could offer them strength in

diversity through fusion-based methods. Recognizing this complementarity, research

in ASR Arunkumar et al. (2022); Huang et al. (2023); Zhai and Zheng (2024) have

explored fusion2 of heterogeneous PTMs representations for improved performance.

Moreover, such fusion of PTMs representations has also demonstrated effectiveness

across a wide range of NLP, computer vision, multimodal learning applications Sharma

et al. (2023); Don-Yehiya et al. (2023); Wan et al. (2024); Kesarwani et al. (2024);

Chung et al. (2025). However, a principled fusion paradigm tailored to affective and

secure VIS remains underexplored, leaving a critical gap in how heterogeneous PTM

representations can be systematically aligned and integrated to improve performance.

In this thesis, we work towards solving this research gap. However, existing research

in speech processing for PTMs representations fusion mostly follow simple concatenta-

tion as fusion appraoch Arunkumar et al. (2022). While such approaches have demon-

strated effectiveness, they often overlook the substantial representational heterogeneity
1*Throughout this thesis, we refer to downstream as any task-specific network or classifier attached

after the PTM representations
2*Throughout this thesis, we use ‘alignment’ and ‘fusion’ interchangeably
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that exists across PTMs. This raises the central question addressed in this thesis: Can

heterogeneous PTM representations be fused more effectively by explicitly accounting

for the incompatibilities that exist between their representation spaces? In this thesis,

we work towards answering this research question.

1.4 Contributions

We introduce a novel paradigm, Proximal Interpolative Fusion, for the effective fu-

sion of heterogeneous PTM representations. Unlike simple concatenation or linear fu-

sion, this viewpoint emphasizes bridging representational gaps before integrating them,

which becomes especially crucial when PTMs differ in architecture, pre-training ob-

jective, and modality grounding. In this paradigm, proximal refers to bringing diverse

PTM representations into task-relevant compatibility across geometric, divergence, and

interaction spaces, while interpolative denotes learning an intermediate fused mani-

fold rather than collapsing one PTM’s representational space into another. This design

preserves complementary paralinguistic, acoustic, and semantic cues that each PTM

uniquely contributes. Building on this paradigm, we develop a set of novel fusion

frameworks that are organized into three core families, each capturing a distinct princi-

ple for how heterogeneous representations are combined for improved affective and se-

cure VIS. Firstly, (i) Geometry Guided Alignment which enables fusion by embedding

heterogeneous PTM representations into shared geometric spaces before integration,

making it particularly suitable for tasks where manifold structure or hierarchical re-

lationships are central. Within this family, HYFuse projects PTM representations into

hyperbolic space and fuses them using mobius operations, preserving hierarchical struc-

ture across heterogeneous PTM representations for improved SER. HYFuse assumes

the presence of inherent hierarchy among the information learned across the represen-

tations and exploits this structure for effective fusion. Following this, MATA employs

optimal transport for manifold-to-manifold alignment across multimodal PTMs such

as LB and IB for improved NVER. MATA assumes that heterogeneous PTMs contain

complementary information residing on different manifolds and that preserving the dis-

tributional geometry of one space while aligning it to another enables more effective

fusion. Lastly, MERLINN extends the geometric perspective introduced in HYFuse

by performing dual-geometry fusion across euclidean and hyperbolic spaces, targeting
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SSD and introducing the first child-speech–specific SSD dataset to expose vulnera-

bilities in current SSD systems. MERLINN assumes the existence of complementary

properties of flat and curved geometric representational spaces and jointly exploits both

for improved fusion. Secondly, (ii) Interaction Guided Alignment integrates represen-

tations by modeling explicit cross-representation interactions, capturing how different

PTMs relate to and complement one another. Within this family, MiO applies bilinear

pooling to integrate diverse PTM representations for SSD, while SCAR employs nested

cross-attention to detect emotion-manipulated synthetic speech. MiO assumes that fine-

grained interaction among the representations are needed for downstream performance

while being efficient and simple. Similarly, SCAR assumes that explicitly modeling

the fine-grained interactions in a nested manner leads to better performance. Thirdly,

(iii) Divergence Guided Alignment fuses PTM representations by aligning their under-

lying distributional behavior. This family assumes that heterogeneous PTMs may en-

code related information using different distributional characteristics and that reducing

such distributional discrepancies prior to fusion leads to better modeling of comple-

mentary information. FINDER employs renyi divergence to align PTM distributions

for SSSA. In contrast, COFFE leverages chernoff distance for SSSA, focusing specif-

ically on scenarios when the system is exposed to singing voices. Finally, PARROT,

a hybrid framework that combines both Interaction Guided Alignment and Geometry

Guided Alignment principles. PARROT integrates a hadamard interaction branch with

optimal transport alignment to synergize heterogeneous PTM representations for SER.

PARROT assumes that multiple forms of representational heterogeneity may coexist

simultaneously. Collectively, these frameworks demonstrate how heterogeneous PTM

representations can be effectively fused, establishing a unified roadmap for building

next-generation affective and secure VIS.

1.5 Why not model the affective and secure dimension

of VIS together?

We have introduced several novel frameworks following the paradigm of Proximal In-

terpolative Fusion to advance both the affective and secure dimensions of VIS. How-

ever, a natural question arises: since both dimensions rely heavily on paralinguistic
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cues, why not model them jointly within a multi-task framework to streamline work-

flow, reduce computational cost, and simplify system maintenance? Although appeal-

ing in principle, such integration is neither practical nor beneficial in this context.

Joint modeling risks negative transfer, where features useful for one task impair per-

formance on the other. Furthermore, no large-scale dataset exists with both affect and

secure dimension annotations, and curating one would be costly and complicated by

licensing and privacy constraints. For these reasons, this thesis adopts separate, task-

specific pipelines for affective and secure VIS, enabling each to be optimized indepen-

dently while preserving the flexibility to integrate them in a two-stage or on-demand

framework for specific downstream scenarios. For instance, in a customer support set-

ting, only affective dimension may be required to monitor a caller’s emotional state in

real time, as the speech source is already trusted. In contrast, a mental health tele-

consultation might require secure dimension followed by affective dimension—first

verifying the authenticity of the voice to prevent impersonation, then assessing the pa-

tient’s emotions for clinical insight. Conversely, scenarios like voice-based banking

authentication demand only the secure dimension, where detecting synthetic speech is

the sole priority and affect recognition is irrelevant. Accordingly, the thesis structures

its contributions around these two complementary dimensions, each addressing distinct

methodological challenges while collectively enabling the development of truly affec-

tive and secure VIS.

1.6 Organization

The thesis is organized as follows::

• Chapter 2: Related Works surveys prior research across affective and secure VIS.
It traces the historical development of the field. It also provides an overview of the
SOTA PTMs and highlights their architectural, objective, and modality-specific
heterogeneity. Lastly, motivates how and why current PTM-based approaches
can be strengthened through systematic fusion for affective and secure VIS.

• Chapter 3: Datasets describes the benchmark datasets used in this thesis.

• Chapter 4: Geometry Guided Alignment presents HYFuse, MATA, and MERLINN,
three frameworks that align PTMs through geometric principles such as hyper-
bolic projection and optimal transport. This chapter demonstrates how manifold
alignment enables complementary PTM representations to be fused more effec-
tively.

6



• Chapter 5: Interaction Guided alignment introduces MiO and SCAR, two frame-
works that employ explicit interaction operators—bilinear pooling and nested
cross-attention—to model relationships between heterogeneous PTM represen-
tations.

• Chapter 6: Divergence Guided alignment introduces FINDER and COFFE, demon-
strating how to align PTM representations by aligning the inner distributions us-
ing renyi divergence and chernoff distance, respectively.

• Chapter 7: Combination of Interaction Guided with Geometry Guided alignment
introduces PARROT, a hybrid fusion framework combining mamba-based PTMs
and transformer-based PTMs using a hadamard interaction branch followed by
optimal transport.

• Chapter 8: Conclusions, Future Work and Publications summarizes the key in-
sights derived from Proximal Interpolative Fusion and outlines several promising
directions for future research in affective and secure VIS. Also, the publications
carried out as part of this thesis are outlined.
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CHAPTER 2

Related Works

This chapter reviewed prior work across the affective and secure dimensions of VIS,

tracing the transition from traditional machine-learning approaches to neural network-

based approaches and, more recently, to usage of PTMs on large and diverse speech

corpora. This progression highlights the growing reliance on heterogeneous PTMs and

motivates the need for a unified and principled fusion framework, which the subsequent

chapters of this thesis aim to develop. We also provide overview of the SOTA PTMs

which is later used in the succeeding chapters. All selected PTMs are publicly available

and represent SOTA performance within their respective domains.

2.1 Affective Dimension

Early studies on SER relied on HMMs Cowie et al. (2001); Nogueiras et al. (2001);

Schuller et al. (2003) and later on classical machine learning with handcrafted features

Lee and Narayanan (2005). Following the success of AlexNet in ImageNet, CNN-

based approaches gained popularity Huang et al. (2014), including hybrid designs with

unsupervised and semi-supervised learning. Variants such as Gaussian Mixture-based

HMMs, Subspace Gaussian Mixture HMMs, and deep learning-based HMMs were ex-

plored Mao et al. (2019). CNN architectures (e.g., AlexNet, ResNet, Xception, VGG,

DenseNet) pre-trained on ImageNet have been applied to SER Ottl et al. (2020), with

extensions integrating BiLSTM and attention Zhang et al. (2021) or fusing MFCCs with

CNN features as inputs to LSTMs Araño et al. (2021a). While CNNs dominated early

deep learning approaches, transformer-based models have emerged Lian et al. (2021);

Lei et al. (2022); Wang et al. (2021), with Vision Transformers also applied to emotion

recognition Heracleous et al. (2022). More recently, SER has shifted toward leverag-

ing representations from PTMs such as YAMNet and Wav2vec Keesing et al. (2021),

offering efficiency and improved performance by avoiding full model training and ben-

efiting from large-scale, diverse pretraining. Self-supervised speech PTMs (WaLM,

Unispeech-SAT, HuBERT) have outperformed other audio PTMs (e.g., YAMNet, VG-

Gish) for SER, as shown in comparative evaluations Atmaja and Sasou (2022) using



FCN on top of extracted representations. Further, models trained on a single corpus

often experience a notable decline in performance when deployed on previously unseen

datasets, primarily due to variations in language, speaker characteristics, recording en-

vironments, and annotation practices. To improve robustness under such distribution

shifts, recent research has increasingly focused on developing models capable of zero-

shot (ZS) generalization across corpora Parry et al. (2019); Ahn et al. (2021); Agarla

et al. (2024). In this context, language–audio pretrained models, particularly those built

upon the Contrastive Language–Audio Pretraining (CLAP) framework Elizalde et al.

(2023, 2024), have shown promising transfer capabilities by learning a shared embed-

ding space that aligns audio and textual descriptions through contrastive objectives. A

key advantage of CLAP-based models lies in their reliance on natural language supervi-

sion, enabling learning in a continuous semantic space rather than being constrained by

predefined emotion labels. Nevertheless, the original CLAP architecture was developed

primarily for audio–text retrieval and does not explicitly model emotional information.

Consequently, affective characteristics are often entangled with other acoustic factors,

limiting its effectiveness for emotion-related tasks. To overcome this challenge, sev-

eral adaptations of CLAP have recently been proposed for SER Pan et al. (2024); Lin

et al. (2024); Jing et al. (2024); Shi et al. (2025), introducing emotion-aware alignment

objectives and affective representations to better capture emotional semantics. Among

these approaches, ParaCLAP Jing et al. (2024) has gained particular attention, achiev-

ing state-of-the-art zero-shot performance across multiple SER benchmarks as well as

other paralinguistic speech processing tasks.

2.2 Secure Dimension

ASVspoof 2015 corpus Wu et al. (2015a) marked a major milestone for SSD, catalyz-

ing sustained research interest in the field. Early approaches primarily relied on GMMs

and SVMs with handcrafted statistical features Sahidullah et al. (2015). Subsequent

efforts transitioned toward neural architectures, including CNNs and RNNs Tom et al.

(2018); Gomez-Alanis et al. (2019); Alzantot et al. (2019), followed by the adoption of

SSL techniques Lee et al. (2023); jin Shim et al. (2020); Jiang et al. (2020). Further, a

wide range of speech PTMs—such as Mockingjay, TERA, Wav2vec, HuBERT—have

been evaluated for SSD Eom et al. (2022); wen Yang et al. (2021). Notably, Wang
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et al. (2023) demonstrated that integrating Wav2vec representations with prosodic and

pronunciation cues significantly improves generalization. More recently, the works of

Wu et al. (2024b) and Lu et al. (2024) laid the groundwork for NAC–generated speech

detection, a direction motivated by the rapid rise of LALMs that employ NACs in their

synthesis pipelines. These studies revealed that SOTA SSD models—largely trained

on vocoder-based deepfake datasets—experience substantial performance degradation

when evaluated on NAC-generated speech. Building on this, Lu et al. (2024) expanded

dataset construction by incorporating both VCTK and AISHELL3 corpora and eval-

uated AASIST and LCNN architectures using mel-spectrogram and Wav2vec2-based

features. Subsequently, Chen et al. (2025a) further extended this line of work by in-

troducing a wider variety of NACs for synthetic speech generation, again leveraging

AASIST with Wav2vec2 representations to improve detection robustness. More re-

cently, Chen et al. (2025b) proposed SASTNet, a unified framework that combines

semantic representations from Whisper with acoustic features from Wav2vec2 and Au-

dioMAE for NAC-generated speech detection. While these approaches primarily target

NAC–generated speech detection, they do not explicitly address vocoder-based syn-

thesis. To bridge this gap, Xie et al. (2025a) introduced a unified detection strategy

capable of handling both CodecFake and vocoder-synthesized speech using sharpness-

aware minimization.

As the field of SSD matures, the research focus is gradually expanding beyond con-

ventional binary detection toward SSSA, where the objective is not only to determine

whether an audio sample is synthetic but also to identify the specific generative system

responsible for its creation, such as a NAC, TTS, or VC model. This shift marks an

important evolution in audio forensic research, as source-level analysis offers greater

interpretability, transparency, and practical value for real-world deployment and regula-

tory applications. To address this emerging challenge, a variety of SSSA methods have

been proposed in recent years Yan et al. (2022a); Chhibber et al. (2025). More recently,

attention has turned toward open-set source attribution, where the system must operate

in the presence of previously unseen generators encountered during inference Bhagtani

et al. (2024); Xie et al. (2024); Wang et al. (2025). Advancing this line of work, Xie

et al. 2025b introduced a source attribution framework for CodecFakes that is capable

of handling both in-distribution and open-set conditions, addressing a critical challenge

in the rapidly evolving area of synthetic speech forensics.
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2.3 Pre-Trained Models

The first subsection discusses PTMs trained for speech representation learning, cover-

ing monolingual, multilingual, and speaker-recognition-models. The second subsection

introduces NACs, which have recently gained focus in the community as foundational

backbones for PTM-based speech processing. The third subsection presents multi-

modal PTMs developed through multimodal pretraining. Lastly, we describe music

PTMs trained for musical representation learning, which are employed in SSSA to as-

sess performance on synthetic singing voice (Chapter 6). Finally, we provide a separate

discussion on Audio-Mamba, a SSM-based PTM. It is utilized in Chapter 7 to examine

fusion strategies that arise specifically from architectural heterogeneity. We present it

independently from the preceding PTMs because, unlike the transformer-based archi-

tectures dominating prior sections, Audio-Mamba constitutes state-space modeling.

2.3.1 Speech PTMs

Monolingual: Monolingual PTMs taken under consideration are—Unispeech-SAT,

WavLM, Wav2vec2, and HuBERT—all primarily trained on the English LibriSpeech

corpus, with WavLM (Large) additionally consisting of Mix 94k dataset. Unispeech-

SAT Chen et al. (2022b) integrates contrastive learning and multitask objectives within

a speaker-aware pre-training framework; we use its base variant, which contains 94.68M

parameters. WavLM Chen et al. (2022a) jointly optimizes masked speech prediction

and denoising tasks, enabling it to capture both phonetic content and speaker traits. Our

study includes the base (94.70M parameters) and large (316.62M parameters) configu-

rations. Wav2vec2 Baevski et al. (2020) performs mask-based representation learning

using a contrastive loss over quantized speech targets; we adopt the base model com-

prising 95.04M parameters and 12 transformer encoder layers. HuBERT Hsu et al.

(2021b), with 94.68M parameters, follows a BERT-style masked prediction objective.

Multilingual: The multilingual PTM suite includes XLS-R Babu et al. (2022), Whis-

per Radford et al. (2023), and MMS Pratap et al. (2023), which collectively span 128,

96, and more than 1400 languages. XLS-R is built upon Wav2vec2 as backbone and is

trained in a self-supervised manner on 436k hours of multilingual audio sourced from

VoxPopuli, CommonVoice, Multilingual LibriSpeech, VoxLingua107, BABEL, and re-
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lated corpora. Its learning framework follows a contrastive prediction objective over

masked encoder representations. In our experiments, we utilize both the 1B-parameter

and 300M-parameter variants. Whisper adopts an encoder–decoder formulation and is

trained using weak supervision across 680k hours of web-collected speech–text data,

optimized for multilingual transcription and related tasks. We employ the base config-

uration containing 74M parameters. MMS likewise builds on the Wav2vec2 family but

combines a convolutional front-end with transformer layers. Pre-training was done in

a constrastive manner on more than 500k hours of speech from MMS-lab, FLEURS,

BABEL, and additional multilingual datasets, offering the broadest language coverage

among the models considered. We use the publicly released 1B-parameter model.

Speaker Recognition: x-vector Snyder et al. (2018a) is speaker recognition PTM

trained on VoxCeleb1 and VoxCeleb2 datasets. x-vector is a SOTA speaker recognition

system based on a TDNN trained end-to-end in a supervised fashion without relying on

handcrafted features. Once trained, it generates fixed-dimensional speaker representa-

tions from variable-length utterances and outperforms the earlier i-vector approach. For

our work, we use the publicly available implementation of x-vector from HuggingFace

via the SpeechBrain Ravanelli et al. (2021) library.

Usage of the Speech PTMs in this Thesis: For the speech PTMs, the inputs are resam-

pled to 16 kHz before being fed into the respective PTMs. Feature extraction is per-

formed by applying average pooling over the final hidden states of each frozen PTM;

for Whisper, representations are obtained from the encoder. The resulting embedding

dimensions are 768 for WavLM (Base), Wav2vec2, and Unispeech-SAT; 512 for Whis-

per and x-vector; 1024 for WavLM (Large); and 1280 for both XLS-R and MMS.

2.3.2 Music PTMs

The MERT family of models Li et al. (2023) represents SOTA line of music PTMs,

designed to capture rich and fine-grained structure from musical audio. Owing to their

large-scale pretraining on diverse music corpora, these models achieve strong perfor-

mance across numerous music processing tasks. In this thesis, we employ several

variants of MERT—MERT-v1-330M, MERT-v1-95M, MERT-v0-public, and MERT-

v0. We additionally include music2vec-v1Li et al. (2022), a self-supervised music PTM
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that learns generalized representations suitable for a wide range of music information

retrieval tasks. Except for MERT-v1-330M, which comprises 330M parameters, all the

other music PTMs considered have approx 95M parameters.

Usage of music PTMs in this Thesis: MERT-v0-public, MERT-v0, and music2vec-v1

process input at 16 kHz whereas MERT-v1-330M and MERT-v1-95M operate on 24

kHz. The representations are extracted by applying average pooling to the final hidden

layer of each frozen PTM. All msuic PTMs yield 768-dimensional representations, with

the exception of MERT-v1-330M (1024-dimension).

2.3.3 Neural Audio Codecs

We provide a more detailed treatment of these models because they play a dual role in

our work: (i) their encoder representations are used for SER within Chapter 4 (HYFuse),

and (ii) they serve as the generative backbone for synthesizing children’s voices in

Chapter 4 (MERLINN).

DAC Kumar et al. (2024) is a high-quality NAC based on the VQ-GAN framework. It

incorporates residual vector quantization along with adversarial and multi-scale spectral

reconstruction losses to achieve superior audio fidelity. For our experiments, we utilize

multiple DAC configurations corresponding to three sampling rates: 16 kHz, 24 kHz,

and 44 kHz.

EnCodec Défossez et al. (2022) is a real-time NAC designed for high-fidelity compres-

sion. It uses a convolutional encoder–decoder architecture combined with RVQ and is

trained using a mix of time-domain, frequency-domain, and spectrogram-based adver-

sarial losses to improve reconstruction quality. In this thesis, we adopt both 24 kHz and

48 kHz versions of EnCodec.

SoundStream Zeghidour et al. (2021) is a NAC designed for efficient low-bitrate speech

compression. It employs an encoder–decoder architecture with RVQ and multi-scale

STFT discriminators, enabling it to maintain perceptual quality while operating at bi-

trates ranging from 3 to 18 kbps. For our experiments, we use the 16 kHz model variant.

SpeechTokenizer Zhang et al. (2024b) is a unified NAC framework that aims to connect

acoustic and semantic representations for speech language modeling. It follows an
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encoder–decoder design with RVQ, where different layers progressively disentangle

linguistic content from paralinguistic characteristics. In our experiments, we adopt the

standard configuration, which produces a combined token sequence across all layers,

and use the 16 kHz model variant.

FunCodec Du et al. (2024) combines RVQ with semantic enhancement and adversarial

learning mechanisms to produce compact yet expressive discrete audio units. For our

experiments, we use the officially released FunCodec models trained on LibriTTS and

large-scale bilingual speech corpora at a 16 kHz sampling rate.

AudioDec Wu et al. (2023c) is a high-fidelity NAC based on a two-stage autoencoder

pipeline. Initially, the model is optimized using metric-based losses to ensure stable

encoder–decoder convergence. A subsequent adversarial training phase—applied only

to the decoder—further refines waveform realism. In this work, we utilize AudioDec

variants operating at 28 kHz and 48 kHz.

SNAC Siuzdak et al. (2024) augments the standard residual vector quantization paradigm

by incorporating a hierarchy of quantizers functioning at multiple temporal scales. Its

architecture integrates depthwise convolutions for robust training, noise-injection mod-

ules to enhance representational expressiveness, and localized windowed attention to

preserve contextual structure. We use several SNAC variants in our experiments, in-

cluding models trained at 24 kHz, 32 kHz, and 44 kHz sampling rates.

2.3.4 Multimodal PTMs

IB Girdhar et al. (2023) is a multimodal PTM that jointly learns from images, text,

audio, depth maps, IMU readings, and thermal data. Its design projects all non-visual

modalities into a unified image-aligned embedding space. Built on a transformer back-

bone and optimized using an InfoNCE-style contrastive objective, IB supports zero-shot

reasoning across modalities.

LB Zhu et al. (2023) adopts language as the central representational anchor, exploiting

its rich semantic structure. The model aligns different modalities to a fixed language

encoder through contrastive learning. Trained on the large-scale VIDAL-10M corpus,

LB achieves SOTA performance across multiple multimodal benchmarks.
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Usage of multimodal PTMs in this Thesis: All audio inputs are resampled to 16 kHz

before being fed into the audio encoders of the multimodal PTMs. Feature representa-

tions are obtained by application of mean pooling over the final hidden layer of each

PTM, yielding embeddings of 1024-dimension for IB and 768-dimension for LB.

2.3.5 Audio-Mamba

Audio-Mamba Yadav and Tan (2024) is a selective SSM PTM designed for self-supervised

learning of universal audio representations. It operates by predicting randomly masked

regions of the input spectrogram, enabling it to capture both local and long-range struc-

ture without relying on attention mechanisms. Pre-trained on the large-scale AudioSet

corpus, Audio-Mamba has been shown to surpass several transformer-based baselines

on a wide range of audio and speech tasks, including SER. In this thesis, we utilize

the tiny (4.8M parameters), small (17.9M parameters), and base (69.3M parameters)

variants.

Usage of Audio-Mamaba in this Thesis: Representations are extracted from the last

hidden layer using average pooling, resulting in embedding dimensions of 960, 1920,

and 3840 for the tiny, small, and base variants, respectively.

N.B: Over all the experiments in this thesis, we keep the PTMs frozen.

2.4 Fusion Paradigms, Research Gap & Takeaway

Multimodal learning has consistently been at the forefront of developing fusion paradigms,

as its central objective is the effective integration of information from multiple modal-

ities. Consequently, a wide range of fusion strategies has been proposed, ranging from

simple feature concatenation to sophisticated attention-based and alignment-based fu-

sion mechanisms Wang et al. (2020b); Gao et al. (2020); Steyaert et al. (2023); Khan

et al. (2024); Zhao et al. (2024a). Simple concatenation implicitly assumes that the

representations being fused are already compatible. To overcome this limitation, nu-

merous studies have proposed more advanced fusion paradigms based on specific as-

sumptions regarding the relationships between representations. For example, Kumar

and Nandakumar (2022) employed outer-product fusion for multimodal hateful meme
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classification, assuming that explicitly modeling fine-grained interactions between tex-

tual and visual representations can improve downstream performance. Similarly, Araño

et al. (2021b) utilized hyperbolic geometry to model hierarchical relationships among

visual, textual, and audio modalities for multimodal emotion recognition, assuming the

existence of an underlying hierarchical structure across modalities.

However, these fusion paradigms were primarily developed for multimodal data,

where each modality contributes fundamentally different information. In contrast, af-

fective and secure VIS increasingly relies on heterogeneous PTMs operating on the

same underlying speech signal. Consequently, the central challenge is not modality

fusion, but representational heterogeneity arising from differences in architecture, pre-

training objectives, linguistic scope, and modality grounding. Prior research in affective

and secure VIS has extensively explored individual PTMs; however, the systematic fu-

sion of PTM representations for improving downstream performance remains largely

underexplored. Within speech processing, limited efforts in this direction have primar-

ily appeared in speech recognition Arunkumar et al. (2022) and have largely relied on

simple concatenation-based fusion.

Motivated by this gap, this thesis investigates PTM fusion through the proposed

Proximal Interpolative Fusion paradigm, which explicitly accounts for heterogeneity

across PTM representational spaces. This perspective naturally leads to Geometry

Guided, Interaction Guided, and Divergence Guided Alignment paradigms. In paral-

lel to this thesis, Wu et al. (2023a) explored simple concatenation-based fusion, which

we adopt as a baseline across our SER studies (Chapter 4: HYFuse and Chapter 7:

PARROT). In contrast, the proposed frameworks consistently outperform concatenation-

based fusion, demonstrating the effectiveness of principled alignment-driven fusion

strategies over naive representation combination methods.
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CHAPTER 3

Datasets

In this chapter, we present the datasets used across the tasks considered within affective

and secure VIS. The datasets are SOTA benchmark datasets across the tasks. In the first

section, we present the dataset considered for tasks across the affective dimension and

in the second section, along the secure dimension.

3.1 Affective Dimension

3.1.1 SER

Brief information regarding the datasets considered for SER used in Chapter 4 HYFuse,

MATA, and Chapter 7 PARROT.

CREMA-D Cao et al. (2014): It is an English, gender-balanced dataset with 48 male

and 43 female actors delivering 7,442 utterances. It contains a range of ages and eth-

nicities, expressing six emotions—anger, happiness, sadness, fear, disgust, and neu-

tral—spoken from 12 scripted sentences.

BAVED Aouf (2019): It consists of 1,935 Arabic recordings from 45 male and 16 fe-

male speakers. It encompasses three emotional categories: neutral, low-intensity (e.g.,

tiredness), and high-intensity (e.g., happiness, sadness, anger).

URDU Latif et al. (2018): It contains 400 spontaneous utterances for anger, happiness,

sadness, and neutral states, taken from unscripted television talk show conversations

between 27 male and 11 female speakers.

Emo-DB Burkhardt et al. (2005): It is a German dataset that contains 535 utterances

of five male and five female actors reading ten scripts. It consists of seven emotions:

anger, anxiety, sadness, boredom, disgust, happiness and lastly neutral.

AESDD Vryzas et al. (2018):It is Greek dataset consisting of around 600 utterances

from five actors, which holds five emotions—anger, disgust, fear, happiness, and sad-

ness.



MESD Duville et al. (2021): It is a Mexican Spanish speech corpus comprising 864

utterances that covers: anger, sadness, fear, happiness, disgust and neutral.

3.1.2 NVER

Brief information regarding the datasets considered for NVER used in Chapter 4 MATA.

ASVP-ESD Landry et al. (2020): It contains thousands of high-quality recordings la-

beled with 12 emotions plus a breath class, captured in natural settings from diverse

speakers. We use only the non-speech segments, sourced from films, TV, YouTube, and

other media.

JNV Xin et al. (2023): It comprises 420 clips from four native Japanese speakers (two

male, two female) expressing six emotions: anger, disgust, fear, happiness, sadness,

and surprise. Recorded at 48 kHz in an anechoic chamber, it includes both scripted and

spontaneous vocalizations.

VIVAE Holz et al. (2022): It consists of 1085 samples from eleven speakers covering

three negative (anger, fear, pain) emotions and three positive (achievement, pleasure,

surprise), recorded at varying intensities.

3.2 Secure Dimension

In this section, we provide brief information regarding the datasets considered in Chap-

ter 4 MERLINN, Chapter 5 MiO & SCAR, and Chapter 6 FINDER & COFFE. These

datasets are used in both SSD and SSSA.

ASVSpoof 2019 (ASV) Wang et al. (2020a): The dataset was created to support re-

search on SSD and to strengthen automatic speaker verification systems against mali-

cious manipulation. It includes three broad categories of spoofing attacks—TTS syn-

thesis, VC, and replay—produced using SOTA neural acoustic and waveform genera-

tion techniques. The corpus contains both genuine (bonafide) recordings and synthetic

speech, with the latter generated by 19 different synthesis systems. All audio files are

provided at 16 kHz sampling rate. The bonafide speech features a diverse set of speak-

ers reflecting variation in accent, speaking style, and vocal traits. For SSD (Chapter 5
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MiO), we train, validate, and assess the model on the respective dataset partitions. For

SSSA (Chapter 6 FINDER), we utilize all 19 generation systems as distinct classes.

Dataset statistics are summarized in Table 3.1.

Category Frequency

Dev 24844
Train 25380
Eval 71237

Total Samples 121461

Real 12483
Total Fake Samples 108978

Table 3.1: ASV Statistics

In-the-Wild Dataset (ITW) Müller et al. (2022a): This dataset contains approximately

37.9 hours of audio and includes recordings of well-known English-speaking public fig-

ures, such as celebrities and political leaders. It incorporates synthetic speech samples

that mirror the types of deepfakes circulating in real-world settings, making the task of

distinguishing authentic audio from manipulated content particularly challenging. The

fake clips for each individual were collected from publicly available sources, including

social media platforms and video-sharing websites. Owing to its realistic nature, the

dataset is a valuable benchmark for evaluation of SSD systems under real-world con-

ditions. Since no official train–validation–test partition is provided for ITW, we adopt

a custom split: 70% for training, 10% for validation, and 20% for testing (Chapter 5

MiO).

DECRO Ba et al. (2023): SSD systems often struggle to generalize across languages,

with models trained on one language performing poorly when evaluated in a zero-shot

setting on another. To address this limitation, Ba et al. 2023 introduced the DECRO

dataset, designed specifically to assess SSD performance in cross-lingual scenarios.

DECRO contains both genuine and synthetic speeh samples in English (DECRO-E) and

Chinese (DECRO-C). In this work, we follow the official train–validation–test partition

provided by Ba et al. 2023 in for SSD (Chapter 5 MiO). The distribution of real and

fake samples for each subset is illustrated in Figure 3.1.

FAD Chinese Dataset (CFAD) Ma et al. (2024): This dataset was developed to fill

the gap in publicly available Chinese corpora for SSD. It contains both genuine speech

and synthetic speech produced using 12 modern TTS synthesis and VC techniques.
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Figure 3.1: The distribution of samples by class across the datasets; D-C and D-E refer
to the DECRO Chinese and English datasets respectively

To better reflect real-world scenarios, three different noise sources were incorporated

at five signal-to-noise ratio levels. The synthetic recordings were generated using 11

SOTA TTS and VC systems.

Emofake Zhao et al. (2024b): We employ the only publicly available dataset for SSD

that specifically targets cases where the emotional qualities of speech are intentionally

modified. The corpus contains recordings in both English and Chinese, featuring multi-

ple speakers expressing five core emotions: Neutral, Happy, Angry, Sad, and Surprise.

The synthetic speech samples were generated using seven open-source emotional voice

conversion systems, which alter affective cues while maintaining the speaker’s identity.

The dataset is divided into separate English and Chinese sections, each providing pre-

defined training, development, and test sets. Both language partitions include 27300

training clips, 9100 development clips, and 17500 test clips.

CtrSVDD Zhang et al. (2024c): This dataset serves as a dedicated benchmark for

detecting synthetic singing voices and contains audio samples in both Chinese and

Japanese. We employ it for SSSA, focusing on scenarios in which the system must

process singing voice inputs (Chapter 6: COFFE). The corpus consists of 220798 mono

vocal clips (307.98 hours in total), categorized into bonafide singing and artificially
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generated vocals. For our experiments, we exclusively use the synthetic portion, which

includes 188486 clips amounting to 260.34 hours of audio. These spoofed samples

were produced using 14 different vocal synthesis approaches (A01–A14). The dataset

provides its own official train, development, and evaluation partitions.
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CHAPTER 4

Geometry Guided Alignment

In this chapter, we introduce the Geometry Guided Alignment frameworks developed

in this thesis. Prior work has demonstrated the utility of aligning representations via

geometric-aware learning for multimodal fusion. For instance, Arano et al. Araño

et al. (2021b) exploited the existence of hierarchical relationship between two different

modalities by leveraging hyperbolic space to improve multimodal sentiment classifica-

tion. In contrast, Pramanick et al. Pramanick et al. (2021) leveraged optimal transport

to align heterogeneous modalities for sarcasm and humor detection. These efforts high-

light that geometry guided fusion methods can provide smoother, more semantically

meaningful alignment across modalities. However, despite these advances, geometry

guidedfusion has not been explored for aligning heterogeneous PTM representations for

improving affective and secure VIS or neither in the whole speech processing domain.

This thesis addresses this gap by developing Geometry Guided Alignment methods and

demonstrating their effectiveness across SER, NVER, and SSD tasks within affective

and secure VIS.

4.1 HYFUSE

In this section, we present the background and motivation for employing hyperbolic

space to fuse heterogeneous PTM representations, and subsequently introduce our pro-

posed framework, HYFuse Phukan et al. (2025d), which harnesses this geometric for-

mulation to achieve improved SER performance.

4.1.1 Background and Motivation

Recent SER advancements increasingly leverage representations from SOTA PTMs,

which have driven notable performance gains. These representations fall into two

broad categories: representation-learning-based representations (RLRs) from speech



PTMs such as Wav2vec2 Baevski et al. (2020), WavLM Chen et al. (2022a), and XLS-

R Babu et al. (2022), and compression-based representations (CBRs) from neural audio

codecs like EnCodec Défossez et al. (2022), DAC Kumar et al. (2024), and Sound-

Stream Zeghidour et al. (2021). RLRs, trained for speech representation learning, cap-

ture higher-level prosodic features, while CBRs, learned via encoder–decoder compres-

sion, preserve fine-grained acoustic cues such as pitch and timbre. Previous works have

explored RLRs Pepino et al. (2021); Morais et al. (2022) and, more recently, CBRs for

SER Wu et al. (2024a); Ren et al. (2024); Mousavi et al. (2024), with studies show-

ing gains from fusing multiple RLRs Wu et al. (2023b). Further, similar improvements

have been observed across related task such as automatic speech recognition Arunku-

mar et al. (2022). However, no prior work has examined fusion of heterogeneous RLRs

and CBRs. In this work, we present, to the best of our knowledge, the first investigation

into fusing RLRs and CBRs for SER. Our central hypothesis is that combining these

two representations can further enhance SER performance by exploiting their comple-

mentary strengths: CBRs tend to capture fine-grained acoustic attributes such as pitch

and timbre, whereas RLRs encode higher-level paralinguistic characteristics. To our

end, we introduce HYFuse, a novel framework for effective fusion of RLRs and CBRs

that maps both representation types from euclidean space into hyperbolic space and

performs fusion via mobius addition. To our knowledge, this is the first application of

hyperbolic geometry for representation fusion in SER. HYFuse preserves the hierar-

chical relationship inherent in the two representation types and enables a more coherent

alignment of low-level acoustic cues with higher-level paralinguistic patterns.

The key Contributions are as follows:

• We introduce HYFuse (Figure 4.1), a novel framework that maps RLRs and
CBRs into hyperbolic space, exploiting its geometric properties for more effective
fusion.

• With HYFuse, combining x-vector (RLRs) and SoundStream (CBRs) yields su-
perior performance over individual and homogeneous fusion, achieving new SOTA
results on CREMA-D and Emo-DB, demonstrating the benefits of fusion of het-
erogeneous PTMs representations for SER.
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Figure 4.1: HYFuse; x⊕ y stands for mobius addition

4.1.2 HYFuse: Framework

HYFuse (Figure 4.1) leverages hyperbolic geometry to integrate RLRs and CBRs while

preserving their hierarchical relationships. This design captures both low-level acoustic

cues (from CBRs) and high-level prosodic features (from RLRs), maintaining relative

distances in the feature space, unlike euclidean space which may distort such structure.

The architecture is shown in Figure 4.1. First, each representation is processed through

the same 1D CNN block used in individual modeling (Below in Experiments: Modeling

with Individual PTM representations). Flattened features u (from RLRs) and v (from

CBRs) are then projected from euclidean to hyperbolic space using the exponential

map:

exp0(z) =

tanh(λ∥z∥) z
∥z∥ , ∥z∥ > 0,

0, ∥z∥ = 0,

(4.1)

where λ > 0 is the curvature parameter and ∥·∥ is the euclidean norm. Let uh and vh

be the hyperbolic projections. They are fused via mobius addition:

uh ⊕ vh =
(1 + 2⟨uh,vh⟩+ ∥vh∥2)uh + (1− ∥uh∥2)vh

1 + 2⟨uh,vh⟩+ ∥uh∥2∥vh∥2
, (4.2)
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where ⟨·, ·⟩ denotes the euclidean dot product. The fused vector wh is mapped back to

euclidean space via the logarithmic map:

log0(wh) =

2 · arctanh(∥wh∥) wh

∥wh∥
, ∥wh∥ < 1,

0, ∥wh∥ = 0.

(4.3)

Finally, an FCN block followed by a softmax output layer predicts emotion classes. The

trainable parameter count for HYFuse ranges from 8M to 13M, depending on the input

representation pair.

Rep
CREMA-D Emo-DB

FCN CNN FCN CNN

Acc F1 Acc F1 Acc F1 Acc F1

RLRs

W2V 58.66 55.14 65.16 65.08 88.21 86.42 91.51 90.65
WLM 64.71 61.63 68.81 68.64 87.23 85.21 89.72 89.52
XVC 63.69 61.20 68.77 68.67 85.65 85.25 81.31 80.61
HBT 67.85 66.25 70.63 70.45 86.25 85.39 88.81 87.85

CBRs

EDC 47.85 46.98 48.48 42.56 47.65 45.08 48.04 40.20
DAC 42.52 41.86 43.84 35.74 39.78 38.52 40.56 34.10
STZ 41.61 40.14 48.51 45.92 45.65 43.71 49.91 37.20
SSM 54.20 53.94 55.19 53.03 59.12 57.96 61.36 58.96

Table 4.1: Performance comparison of models trained with different RLR and CBR fea-
ture sets. Results are reported as percentages and represent the average over
five folds. “Acc” and “F1” denote accuracy and macro-averaged F1 score, re-
spectively. The abbreviations used are: Wav2vec2 (W2V), WavLM (WLM),
x-vector (XVC), HuBERT (HBT), EnCodec (EDC), DAC (DAC), Speech-
Tokenizer (STZ), and SoundStream (SSM). The same notation is maintained
in Table 4.2 for consistency.

4.1.3 Experiments

Modeling with Individual PTM representations: For standalone RLRs or CBRs

modeling, we employ a FCN and a CNN. The CNN consists of two 1D convolutional

layers (64 and 128 filters, kernel size = 3) with ReLU activation, followed by flattening

and a dense layer with 128 units. The FCN variant uses the same dense block with-

out convolutional layers. The output layer in all cases applies a softmax activation for
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emotion classification.

Dataset: We use CREMA-D and Emo-DB. Detailed above in Chapter 3.

Pre-Trained Representations: For RLRs, the process for extraction and dimension of

the representations are detailed in Chapter 2 Speech PTMs. We use Wav2vec2, WavLM

(Base), x-vector and HuBERT for our experiments. For the CBRs, all the audios is

resampled to 16 kHz before being processed by DAC, Soundstream, and SpeechTok-

enizer; EnCodec operates at its native 24 kHz sampling rate. We extract codec-based

representations from the frozen encoder outputs using average pooling. The resulting

feature dimensionalities are 256 for Soundstream, 251 for DAC, 250 for SpeechTok-

enizer, and 375 for EnCodec.

Training Details: The models are optimized using Adam with a learning rate of 1e-5,

batch size of 32, and trained for 50 epochs. Cross-entropy loss serves as the objective

function. Dropout regularization is applied to prevent overfitting. Evaluation follows a

5-fold cross-validation scheme, where four folds form the training set and the remaining

fold is used for testing.

Experimental Results: Table 4.1 presents the performance of downstream models

trained on individual RLRs and CBRs. As expected and consistent with prior work Mousavi

et al. (2024), RLRs outperform CBRs across all SER datasets, reflecting the limited

ability of CBRs alone to capture the paralinguistic cues crucial for SER. Among the

CBRs, SoundStream yields the strongest results, though it still falls short of the best-

performing RLRs. For the RLR-based models, HuBERT paired with a CNN achieves

the highest accuracy on CREMA-D, while Wav2vec2 with CNN performs best on Emo-

DB, illustrating that dataset-specific characteristics influence downstream performance.

Across all settings, CNN classifiers consistently exceed FCN models. These results

provide the baseline against which our fusion methods are evaluated.

Table 4.2 compares homogeneous fusions (RLR+RLR, CBR+CBR) and heteroge-

neous fusions (RLR+CBR). We use concatenation in euclidean space as the baseline

fusion method, matching HYFuse in architecture and training settings for fairness. Re-

sults show that HYFuse consistently outperforms both individual models and concate-

nation across datasets, highlighting the advantage of hyperbolic fusion. Homogeneous

RLR combinations, such as Wav2vec2+HuBERT, improve over individual PTM rep-
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Pairs
CREMA-D Emo-DB

Concat HYFuse Concat HYFuse

Acc F1 Acc F1 Acc F1 Acc F1

RLRs + RLRs

W2V + WLM 60.98 59.65 64.58 63.38 88.63 87.36 93.36 92.27
W2V + XVC 58.78 57.73 66.88 65.53 87.69 86.64 91.45 90.03
W2V + HBT 71.18 70.36 76.61 75.52 87.25 86.13 94.63 94.48
WLM + XVC 69.33 68.18 74.49 73.38 88.24 87.34 92.08 91.36
WLM + HBT 65.97 65.82 77.25 76.69 89.64 88.61 94.25 93.37
XVC + HBT 68.52 67.79 73.64 72.28 88.33 87.79 93.62 93.57

CBRs + CBRs

EDC + DAC 58.97 47.61 64.68 63.26 58.96 52.45 64.85 63.28
EDC + STZ 58.97 45.08 66.67 65.59 58.68 56.51 64.14 63.68
EDC + SSM 57.10 40.07 66.48 65.52 55.69 52.38 68.73 67.78
DAC + STZ 55.23 51.44 63.43 62.52 55.96 54.09 61.19 60.05
DAC + SSM 61.78 60.06 66.64 65.53 52.85 41.98 65.06 58.54
STZ + SSM 59.63 58.46 67.64 66.68 58.61 53.28 66.62 65.53

RLRs + CBRs

W2V + EDC 75.13 75.07 60.24 60.58 78.55 78.50 90.77 89.72
W2V + DAC 77.70 77.70 78.26 78.19 85.33 85.05 89.77 89.72
W2V + STZ 72.41 71.89 74.62 74.39 84.15 83.79 91.84 91.52
W2V + SSM 76.15 76.15 79.29 79.10 82.57 82.24 95.33 95.18
WLM + EDC 66.89 66.79 77.68 76.82 80.37 79.49 95.20 94.11
WLM + DAC 60.91 60.55 66.13 65.75 85.05 84.71 85.98 85.98
WLM + STZ 76.02 72.61 75.35 75.14 83.18 83.02 95.05 95.05
WLM + SSM 65.33 65.28 66.89 66.99 64.96 63.01 87.31 85.98
XVC + EDC 63.64 63.47 67.85 66.28 86.03 85.98 94.39 94.14
XVC + DAC 65.16 65.01 69.63 68.32 86.02 85.05 91.59 91.59
XVC + STZ 65.28 65.14 71.52 70.89 87.30 86.92 92.52 92.20
XVC + SSM 63.65 63.53 69.88 68.13 69.31 65.14 93.01 92.52
HBT + EDC 67.02 66.51 69.18 69.04 85.56 85.05 88.35 87.85
HBT + DAC 64.14 63.99 68.23 68.47 82.62 82.24 90.14 88.79
HBT + STZ 68.03 68.03 67.29 67.22 83.18 82.92 86.17 85.98
HBT + SSM 67.02 66.82 68.83 68.64 65.96 63.21 89.31 88.79

Table 4.2: Performance results for models trained using different combinations of RLRs
and CBRs. All scores are reported as percentages and represent the mean
across five folds

resentations, suggesting complementary behavior. CBR+CBR fusions remain weaker,

reflecting their lower individual performance. Notably, certain RLR+CBR pairs yield

greater gains than RLR+RLR, demonstrating that combining RLRs’ rich prosodic cues

with CBRs’ fine-grained acoustic features offers stronger complementarity. Both the

baseline concatenation fusion and HYFuse reveal complementary behavior between
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(a)

(b)

Figure 4.2: t-SNE visualizations: (a) CNN (HuBERT) (b) HYFuse (Wav2vec2 +
Soundstream)

(a) (b)

Figure 4.3: Confusion matrices: (a) CREMA-D, (b) Emo-DB; y-axis denotes the True
Values and the x-axis denotes the Predicted Values.

RLRs and CBRs, but HYFuse captures it more effectively by aligning features in

hyperbolic space, preserving hierarchical relationships and reducing distortion. The
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Wav2vec2–SoundStream pair achieves the highest accuracy, outperforming all indi-

vidual PTM representations, homogeneous fusions, and baseline concatenation, thus

setting new SOTA results as the individual RLRs were already SOTA for SER wen

Yang et al. (2021). This supports our hypothesis that heterogeneous RLR+CBR fusion

is most effective for SER. While not all RLR+CBR pairs surpass RLR+RLR fusions,

strong-performing CBRs combined with strong RLRs yield notable gains. For exam-

ple, WavLM+EnCodec performs competitively, though slightly below the top combina-

tion, indicating that improvements depend on the specific characteristics of the paired

representations. Overall, selecting optimal RLR–CBR pairs is crucial, and HYFuse

effectively exploits their complementary strengths. Figure 4.2 provides t-SNE plots

on CREMA-D contrasting HuBERT—the strongest individual PTM—with HYFuse

using Wav2vec2+SoundStream. HYFuse displays more distinct and well-separated

emotional clusters and thus augmenting our findings. Additionally, we show the con-

fusion matrices for the Wav2vec2+SoundStream fusion on both datasets are shown in

Figure 4.3.

Statistical Significance: To evaluate the reliability of the observed performance im-

provements, paired McNemar’s tests were conducted on identical test sets. The pro-

posed HYFuse framework (Wav2vec2 + SoundStream) was compared against the strongest

concatentation-based fusion baseline utilizing the same representations. The resulting

p-values were 0.00043 for CREMA-D and 0.00766 for Emo-DB. As all p-values are

substantially below the commonly adopted significance threshold of 0.05, the improve-

ments achieved by HYFuse can be regarded as statistically significant across all evalu-

ated datasets.

4.2 MATA

In this section, we outline the motivation behind exploring multimodal PTMs for and

their fusion for improved NVER. We then introduce our proposed framework, MATA

Phukan et al. (2025a), which employs manifold-to-manifold alignment via optimal

transport to achieve enhanced NVER performance.
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4.2.1 Background and Motivation

Emotion recognition research has primarily focused on verbal speech, leveraging both

handcrafted spectral features Kishore and Satish (2013) and, more recently, speech

PTMs Chen and Rudnicky (2021). Speech PTMs such as WavLM Diatlova et al. (2024),

Wav2vec2 Pepino et al. (2021), and HuBERT Morais et al. (2022) have proven effective

for capturing emotional cues, typically through fine-tuning or as feature extractors for

downstream tasks. However, non-verbal human vocalizations remain underexplored,

with only a few notable works Hsu et al. (2021a); Tzirakis et al. (2023); Xin et al.

(2024). Non-verbal human vocalizations—such as laughter, cries, and sighs—convey

rich emotional information that enhances everyday communication. Emotion recog-

nition from these cues has wide-ranging applications in healthcare, human–computer

interaction, customer service, and security. In this work, we specifically focus on

NVER. Moreover, multimodal PTMs—despite their potential for richer emotional in-

terpretation—have seen no application in NVER. In this work, we address this gap

by evaluating multimodal PTMs for NVER, hypothesizing that their multimodal pre-

training enhances contextual understanding, enabling better discrimination of subtle

and ambiguous emotional cues compared to speech PTMs. We test this by comparing

SOTA multimodal PTMs (LB, IB) with leading speech PTMs (WavLM, Unispeech-

SAT, Wav2vec2) using their extracted representations with a simple CNN classifier on

benchmark NVER datasets (ASVP-ESD, JNV, VIVAE).

Motivated by prior research in areas such as speech recognition Arunkumar et al.

(2022) and our work in SSD Phukan et al. (2024a), which has shown that combining

PTMs can yield superior results, we present the first exploration of PTM representations

fusion for enhanced NVER. To this end, we introduce MATA (Intra-Modality Alignment

through Transport Attention), a novel framework that leverages optimal transport as fu-

sion mechanism for effectively combining PTMs representations. In this section, we

first determine the strongest PTM representations for NVER and then develop fusion

strategies around them. Our work also highlights that NVER plays a vital role in pro-

moting inclusivity in affective and secure VIS by enabling emotion recognition for min-

imal speaking individuals, such as those with autism or other communication disorders,

thereby broadening accessibility and user support.

The main contributions are:
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• A comprehensive investigation for demonstrating the effectiveness of multimodal
PTMs for NVER, achieving superior performance over unimodal speech PTMs.

• A novel MATA fusion framework that surpasses individual PTMs and baseline
fusion methods, delivering SOTA across all evaluated datasets.

• To the best of our knowledge, we are the first to explore fusion of PTM represen-
tations for improved NVER.
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Figure 4.4: MATA: FM1 and FM2 denote PTM 1 and PTM 2, respectively. U11 and
U22 correspond to features extracted from the individual PTM branches,
whereas U12 and U21 represent features transferred from FM2 to FM1 and
from FM1 to FM2, respectively

4.2.2 Modeling

We first describe the downstream modeling with individual PTMs representations fol-

lowed by the proposed fusion framework, MATA.

Individual PTMs representations: For each PTM, extracted representations pass through

two 1D-CNN blocks consisting of 1D-CNN layer followed by maxpooling: the first

with 64 filters (kernel size 3), the second with 128 (kernel size 3). Features are flat-

tened, fed to a 128-unit dense layer, and classified via a softmax output (units = #emo-

tion classes).

MATA: Framework: The architecture of MATA is illustrated in Figure 4.4, where OT

is employed as the core mechanism for fusion of PTM representations. OT aligns the

underlying geometric structure of heterogeneous PTM representation manifolds. Al-

though optimal transport is widely recognized as a SOTA technique in multimodal fu-

sion Pramanick et al. (2021), its use for aligning PTM representations in NVER—and
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more broadly within voice-based affective computing—has not yet been explored. OT

provides a principled means of transferring the distributional geometry of one repre-

sentational space onto another, enabling manifold-to-manifold alignment across PTMs.

Firstly, each PTM’s extracted representations through two 1D-CNN blocks (32 and 64

filters, kernel size 3), followed by flattening and linear projection to 120 dimensions for

computational efficiency. For fusion, we compute an OT distance matrix D between

feature matrices fa and fb from two PTMs using normalized euclidean distance:

D =
∥fa − fb∥2

max(∥fa − fb∥2)

The Sinkhorn algorithm produces the OT plan Γ = Sinkhorn(D). Transported features

are obtained as: fb → fa = Γfb, fa → fb = Γ⊤fa. These transported features are

concatenated with the corresponding original features to form fuseda and fusedb. Fol-

lowing this, the aligned features are again combined with the original features from the

opposite PTM feature space. The resulting representations are concatenated once more

and subsequently fed into the Multi-Head Attention (MHA) module block (8 heads) for

enhanced cross-feature interaction:

Attn(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V

Here, Q, K, and V are query, key, value matrices and derived from the final fused

features. Depending on the PTM pair, MATA contains 4.0M–4.5M trainable parameters.

4.2.3 Experiments

Datasets: We use ASVP-ESD, JNV and VIVAE in our experiments. Detailed informa-

tion about the datasets is given in Chapter 3.

Pre-Trained Models: We use LB, IB as multimodal PTMs and Wav2vec2, WavLM

(Base), Unispeech-SAT as speech PTMs. More details are given in Chapter 2.

Training Details: All models are trained for 50 epochs using the Adam optimizer with

a learning rate of 1e-3 and a batch size of 32. Cross-entropy is used as the loss function,

while dropout is employed to mitigate overfitting.
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Table 4.3: Evaluation scores (%) averaged over five folds. Abbreviations: UNI:
Unispeech-SAT, WLM: WavLM, W2V: Wav2vec2. F1-Score is macro-
average F1 score.

Features ASVP_ESD JNV VIVAE CREMA-D

Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score

Individual Representations

LB 75.55 67.55 73.65 72.51 69.12 68.83 63.67 63.26
IB 62.03 49.11 63.10 60.97 55.30 54.63 63.67 63.68
UNI 49.90 35.86 57.14 53.81 36.87 35.78 63.26 63.20
WLM 46.98 32.77 62.07 58.33 35.94 34.39 55.88 55.92
W2V 60.04 48.51 57.14 59.27 46.54 45.65 59.84 59.82

Fusion with Concatenation

LB+IB 76.34 64.58 72.62 72.26 67.48 67.28 71.46 71.71
LB+UNI 74.09 65.29 67.86 66.36 61.75 61.70 68.06 67.70
LB+WLM 72.90 64.80 70.24 70.92 65.44 65.35 66.35 65.96
LB+W2V 73.76 62.20 70.24 69.18 60.83 60.57 69.04 68.93
IB+UNI 65.74 55.45 58.33 52.25 53.00 52.42 72.60 72.66
IB+WLM 66.14 56.83 58.33 52.25 58.53 57.28 69.31 69.28
IB+W2V 67.20 55.53 57.14 55.19 56.22 55.73 68.57 68.67
UNI+WLM 53.61 38.98 44.05 39.10 44.70 43.88 66.76 66.69
UNI+W2V 60.70 49.16 47.66 46.18 49.31 49.51 68.84 68.81
WLM+W2V 59.64 45.66 51.19 41.98 48.85 46.97 68.10 68.16

Fusion with OT

LB+IB 76.41 68.79 77.03 76.14 70.05 69.80 62.12 62.05
LB+UNI 75.61 67.52 70.24 71.90 61.29 60.33 59.44 58.84
LB+WLM 75.48 66.97 69.05 70.48 62.21 61.30 58.16 58.14
LB+W2V 75.48 67.75 67.86 66.44 66.82 66.50 58.03 57.84
IB+UNI 64.88 53.19 64.29 62.59 57.14 56.49 62.46 62.24
IB+WLM 64.68 54.40 59.52 59.05 57.14 56.65 59.17 59.06
IB+W2V 67.00 55.41 61.90 61.21 59.91 59.30 57.76 57.62
UNI+WLM 55.47 45.62 59.52 56.60 41.01 39.40 60.51 60.45
UNI+W2V 60.77 48.43 47.62 47.54 46.54 45.12 58.63 58.68
WLM+W2V 60.64 51.85 60.71 60.60 49.77 49.04 58.97 59.09

Fusion with MATA

LB+IB 76.47 70.35 77.40 76.19 75.12 74.63 72.64 72.62
LB+UNI 75.41 66.51 71.43 72.17 65.44 64.94 69.85 69.98
LB+WLM 75.75 70.25 73.81 73.08 69.12 68.64 66.29 66.30
LB+W2V 75.81 68.49 75.00 72.39 69.59 69.15 66.55 66.66
IB+UNI 67.93 60.15 61.90 62.17 60.37 59.43 71.32 71.49
IB+WLM 65.94 57.44 61.90 60.15 61.75 61.12 68.64 68.72
IB+W2V 68.06 61.14 64.29 64.74 60.37 60.13 68.57 68.57
UNI+WLM 56.66 46.55 46.43 43.78 45.16 43.99 66.82 66.88
UNI+W2V 61.43 52.89 53.57 55.02 48.85 47.58 70.99 71.06
WLM+W2V 62.36 52.29 59.63 57.71 50.69 49.24 67.36 67.49

Experimental Results and Discussion: Table 4.3 summarizes our findings. Among in-

dividual PTMs, LB consistently achieved the highest scores across all NVER datasets,

reaching 75.55% accuracy / 67.55% F1 on ASVP-ESD, 73.65% / 72.51% on JNV, and

70.05% / 69.80% on VIVAE, outperforming all speech PTMs. These results confirm

our hypothesis that multimodal PTMs, through multimodal pre-training, capture sub-

tle emotional cues often missed by speech PTMs. t-SNE visualizations (Figure 4.5)

further show clearer emotion clusters for multimodal PTMs. Fusing multimodal PTM

representations with MATA achieved the strongest overall results, outperforming both

individual PTMs and a concatenation-based fusion baseline. The baseline mirrors the
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(a) IB (b) LB

(c) WavLM (d) Unispeech-SAT

Figure 4.5: t-SNE visualizations of raw representations extracted from PTMs on the
ASVP-ESD

MATA architecture but replaces the OT fusion block with simple concatenation. The

performance gap highlights not only the complementary nature of multimodal PTMs

but also the effectiveness of MATA’s OT-driven fusion. Interestingly, combinations of

multimodal PTMs with speech PTMs also surpassed individual PTMs performance and

consistently outperformed the concatenation baseline. An ablation without the MHA

block (Table 4.3, “Fusion with OT”) still exceeded individual PTMs results and, in

couple of cases, matched MATA performance.

Statistical Significance: The statistical significance of the observed performance gains

was assessed using paired McNemar’s tests on identical test sets. Pairwise comparisons

between MATA (LB + IB) and the strongest OT-based fusion baseline employing the

same PTMs yielded p-values of 0.00672, 0.00471, and 0.00015 for ASVP_ESD, JNV,

and VIVAE, respectively. All obtained p-values are below the conventional significance

threshold of 0.05, indicating that the improvements achieved by MATA are statistically

significant across all evaluation settings.

Additional Experiments: To assess the generalizability of MATA, we evaluated it on

CREMA-D which is an benchmark SER dataset. As shown in Table 4.3, multimodal
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PTMs consistently outperformed speech PTMs. Fusion of multimodal PTMs, LB and

IB via MATA achieves the best results, further confirming the framework’s effectiveness.

4.3 MERLINN

In this section, we first present the background and motivation for SSD in the context

of children’s voices. We then demonstrate that existing SOTA SSD approaches shows

significant performance degradation when exposed to synthetic children speech (Figure

4.6). Motivated by this limitation, we introduce a novel and dedicated task for detecting

synthetic children speech, along with a newly curated dataset to support this problem

setting. We further show that multimodal PTMs are particularly effective for SSD in this

challenging scenario. Finally, we advance to the introduction of MERLINN, a Geome-

try Guided Alignment framework for PTM representations, which leverages geometric

alignment principles to enhance detection performance.

Figure 4.6: Synthetic Children Voice

4.3.1 Background and Motivation

Beyond vocoder-based synthesis (These type of vocoder-based synthesis was the focus

in our 2024 SSD work Chapter 5 MiO Phukan et al. (2024a)), a new class of syn-

thetic speech has emerged alongside the rapid progress of LALMs Lu et al. (2024).

While earlier speech synthesis pipelines predominantly relied on vocoders, contempo-

rary LALMs integrate NACs such as EnCodec Défossez et al. (2023), SoundStream Zeghi-

dour et al. (2021), and DAC Kumar et al. (2024) as core components, enabling high-

fidelity and expressive speech generation. However, existing SSD models—largely

trained on vocoder-generated synthetic speech—struggle to generalize to such scenar-

ios due to substantial distributional shifts in the synthesized speech. This limitation
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has prompted the development of new benchmarks and detection strategies specifically

designed for NAC-generated speech Xie et al. (2025a), signaling a significant shift in

the SSD landscape. Despite these advances, current NAC-generated speech detection

datasets predominantly consist of adult speech, which may restrict the applicability of

these methods to other demographic groups. As noted by Kulkarni et al. (2025), chil-

dren’s speech exhibits pronounced acoustic and prosodic differences compared to adult

speech. Such distinctions introduce additional challenges and position children as a

particularly vulnerable demographic within the evolving NAC-generated speech threat

landscape.

To address this gap, we introduce the CodecFake-Kids (CFK) dataset and formulate

a new task termed Children CodecFake Detection (CCFD), which we use throughout

this section for convenience. The CFK dataset comprises both bonafide and NAC-

synthesized child speech, covering a wide range of age groups, languages, and NAC

types. We benchmark SOTA NAC-generated speech detection models—such as AA-

SIST Jung et al. (2022)—trained on existing adult-centric NAC-generated speech datasets

and observe a pronounced degradation in performance when evaluated on CFK. These

findings underscore the limitations of current approaches and highlight the need for

child-specific NAC-generated speech detection frameworks. Motivated by this observa-

tion, we hypothesize that multimodal PTMs, including LB and IB, are particularly well

suited for CCFD. This hypothesis is grounded in their cross-modal pretraining, which

may implicitly encode child-related contextual information through exposure to visual

modalities such as faces and scenes involving children. To validate this claim, we con-

duct a comprehensive comparative evaluation of SOTA speech PTMs and multimodal

PTMs, with extensive experiments on the CFK dataset providing strong empirical sup-

port for our hypothesis.

Furthermore, inspired by prior successes in PTM fusion for speech processing tasks,

such as our work on SSD (Interaction Guided Alignment MiO Phukan et al. (2024b)),

and speech recognition Arunkumar et al. (2022)—we investigate representation fusion

as a means to further enhance CCFD performance. To this end, we propose MERLINN

(Multi-geometry CentERed Kernel ALIgNmeNt), a novel framework for effective PTM

fusion. MERLINN aligns latent representations using CKA in both euclidean and hy-

perbolic spaces. We introduce a novel formulation of CKA in hyperbolic space to

accommodate the geometric heterogeneity and potential hierarchical structure inher-
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ent in PTM representations. By leveraging the complementary properties of flat (eu-

clidean) and curved (hyperbolic) geometries, MERLINN enables effective alignment

across geometrically diverse latent spaces. Extensive experimental results demonstrate

that MERLINN with fusion of LB and IB consistently achieves the best performance

on the CCFD task, outperforming individual PTMs as well as strong baseline fusion

methods.

The principal contributions are outlined as follows:

• We introduce the CFK dataset and formally define the novel task of CCFD, ad-
dressing a critical gap in the SSD literature.

• We evaluate SOTA SSD detectors trained on previous NAC-generated speech
datasets on the CFK dataset and show that they generalize poorly to CCFD, un-
derscoring the need for child-specific SSD frameworks.

• We hypothesize and empirically validate that multimodal PTMs (e.g., LB and
IB), due to their cross-modal pre-training, are better suited for CCFD. A compre-
hensive comparison against SOTA speech PTMs proves this claim.

• We introduce MERLINN, a novel fusion framework that jointly aligns PTM repre-
sentation spaces using CKA in both euclidean and hyperbolic geometries, achiev-
ing superior performance over individual PTMs and baseline fusion methods.

4.3.2 CodeFake-Kids Dataset

In this subsection, we present a comprehensive overview of the datasets used to con-

struct the CFK dataset, the NACs employed for speech synthesis, and the end-to-end

pipeline adopted for generating synthetic speech samples. All child speech data utilized

in this work originate from publicly available datasets that were collected under appro-

priate consent and ethical oversight. No new recordings were collected, and no personal

or identifiable information was used.

Children Speech Datasets: We select openly accessible benchmark datasets of chil-

dren’s speech, as the majority of children’s speech corpora are either difficult to access

or restricted due to privacy and ethical concerns Sobti et al. (2024); Kulkarni et al.

(2025). Details of the selected datasets are provided below. (i) Non-Native Children’s

English Speech (NNCES) (C0) Radha et al. (2024) : This corpus comprises English ut-

terances spoken by Indian children and was originally developed for children’s speaker

recognition. It includes speech from 50 children (25 female and 25 male), aged 8 to
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12 years, all of whom are native Telugu speakers and use English as the medium of

instruction in school. The dataset contains a total of 10000 utterances, evenly split

between read and spontaneous speech, amounting to approximately 19 hours of audio

recordings. (ii) ChildMandarin (C1) Zhou et al. (2024): This dataset is tailored for

Mandarin-speaking children aged 3 to 5 years, an underrepresented age group in speech

research. It comprises 41.25 hours of high-quality conversational speech collected from

397 children, with balanced gender representation, spanning 22 provinces across China.

The corpus contains 40913 utterances, each with an average duration of 3.5 seconds.

Designed to support robust evaluation, this dataset facilitates benchmarking of speech

recognition and speaker verification models on young children’s speech. (iii) Sam-

romur (C2) Mena et al. (2022): This corpus represents the first large-scale Icelandic

speech dataset exclusively focused on children’s voices. It contains speech recordings

from children aged 4 to 17 years, comprising 131 hours of read speech across 137597

utterances from 3175 unique speakers. The dataset is partitioned into training (127

hours), development, and test splits, with the test set carefully balanced to ensure di-

versity across age and gender. All audio samples are recorded at a sampling rate of 16

kHz.

Neural Audio Codecs: We adopt the NACs employed by Lu et al. (2024) and Wu et al.

(2024b), selecting SOTA, publicly available codecs that are widely accessible and re-

producible. The NACs considered in this study include DAC, EnCodec, SoundStream,

SpeechTokenizer, FunCodec, AudioDec, and SNAC. Accounting for multiple versions

of these codecs, the total number of NAC configurations used amounts to 12. Detailed

descriptions of the selected NACs are provided in Chapter 2.

Generation Pipeline of CFK: To construct the CFK dataset, we adopt a controlled syn-

thesis pipeline inspired by prior work on NAC-generated speech generation Wu et al.

(2024b). The process involves re-synthesizing bona fide children’s speech using a di-

verse set of NACs that underpin modern LALMs, such as AudioLM, which is built on

SoundStream Borsos et al. (2023); Lu et al. (2024). We begin with the three publicly

available children’s speech corpora described earlier, treating each original utterance

as a bonafide reference sample. To generate NAC-based synthetic samples, we em-

ploy a codec synthesis–resynthesis pipeline. Each original waveform is first encoded

into a discrete latent representation using the pre-trained encoder of a given NAC. The

latent codes are then decoded back into the waveform domain using the correspond-
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ing decoder, producing a synthetic (fake) utterance. While this process preserves the

linguistic content and speaker identity, it introduces subtle NAC-induced artifacts, re-

sulting in realistic yet synthetic child speech samples. This procedure is applied across

12 NAC configurations, yielding parallel versions of the dataset in which each bonafide

utterance has a one-to-one corresponding synthetic counterpart for every codec. For

the NNCES dataset Radha et al. (2024), which includes both read and spontaneous

speech subsets, synthetic samples are generated independently for each subset. For

the ChildMandarin Zhou et al. (2024) and Samromur Mena et al. (2022) datasets, we

adhere to the official train, validation, and test splits provided, applying codec-based

synthesis within each partition. We define two evaluation settings: seen and unseen.

In the seen setting, the test set includes synthetic utterances generated using the same

NACs encountered during training, including variants of SNAC, DAC, as well as En-

Codec, SoundStream, and SpeechTokenizer. In contrast, the unseen setting evaluates

generalization by testing on samples synthesized using previously unseen codecs, such

as FunCodec and AudioDec variants. Together, datasets C0, C1, and C2 collectively

constitute the CFK dataset.

Figure 4.7: MERLINN; x ⊕ y stands for mobius addition; L, LBCE, LH-CKA, LE-CKA de-
notes the total loss, binary cross-entropy loss, Hyperbolic CKA loss, and
Euclidean CKA loss respectively

4.3.3 Methodology

In this section, we present detailed descriptions of the PTMs considered in this study,

followed by the modeling approaches using individual PTMs, and finally introduce the

proposed fusion framework, MERLINN.
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Pre-Trained Models: We select SOTA speech PTMs, including WavLM (Base), Unispeech-

SAT, Wav2vec2, Whisper, XLS-R (300M), and MMS. For multimodal PTMs, we em-

ploy LB and IB. Additional details regarding these PTMs are provided in Chapter 2.

Individual PTM Representations Modeling: As downstream models for PTMs, we

adopt two widely used architectures: CNN used in our SSD work Phukan et al. (2024a)

and AASIST Ba et al. (2023); Wu et al. (2024b); Lu et al. (2024), following established

practices in SSD. For AASIST, we utilize the original architecture proposed in Jung

et al. (2022). The CNN architecture comprises two sequential 1D convolutional layers

with 64 and 128 filters, respectively, each using a kernel size of 3 and ReLU activation.

Each convolutional block is followed by a max-pooling layer to downsample the fea-

ture maps. The resulting representations are then flattened and passed through a fully

connected layer with 128 ReLU-activated neurons, followed by a sigmoid output layer

for binary classification.

MERLINN: Framework

We introduce MERLINN (Figure 4.7), a novel framework for the effective fusion of

PTM representations. The overall architecture of MERLINN is illustrated in Figure 1.

MERLINN aligns latent representations extracted from heterogeneous PTMs using CKA

in both euclidean and hyperbolic spaces. CKA is commonly used to quantify repre-

sentational similarity between embedding spaces, where higher CKA values indicate

stronger alignment Kornblith et al. (2019), and has also been employed as a fusion

mechanism Yun et al. (2022). We extend CKA to hyperbolic space to capture ge-

ometric discrepancies and exploit the hierarchical structure often embedded in PTM

representations. By jointly leveraging the complementary curvature properties of eu-

clidean (flat) and hyperbolic (negatively curved) geometries, MERLINN enables robust

alignment across diverse PTMs. Representations from each PTM are first processed by

a CNN identical to the individual PTM modeling setup described earlier. The result-

ing features are flattened and passed to the CKA modules. All CKA computations are

performed in a batch-wise manner.

Euclidean CKA (E-CKA): Let

U = [u1, . . . ,um]
⊤ ∈ Rm×d, V = [v1, . . . ,vm]

⊤ ∈ Rm×d,
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be batch-wise representations from two PTMs branch after flattening, where m is the

batch size and d is the representation dimension. The linear kernel matrices are

KU = UU⊤, KV = VV⊤.

Kernel centering is performed using

C = Im − 1

m
11⊤,

yielding

K̂U = CKUC, K̂V = CKVC.

Euclidean CKA is then computed as

CKAE =
⟨K̂U , K̂V ⟩F

∥K̂U∥F · ∥K̂V ∥F
,

where ⟨·, ·⟩F and ∥ · ∥F denote the Frobenius inner product and norm, respectively.

Hyperbolic CKA (H-CKA): Euclidean representations are mapped to the Poincare ball

Dd = {z ∈ Rd : ∥z∥ < 1} using the exponential map:

P =

[
tanh(∥ui∥)

ui

∥ui∥

]m
i=1

, Q =

[
tanh(∥vi∥)

vi

∥vi∥

]m
i=1

.

The hyperbolic distance is given by

dD(pi,qj) = cosh−1

(
1 + 2

∥pi − qj∥2

(1− ∥pi∥2)(1− ∥qj∥2)

)
.

Using this distance, RBF kernel matrices are constructed as

K
(D)
ij = exp

(
−d2D(pi,pj)

2τ 2

)
, L

(D)
ij = exp

(
−d2D(qi,qj)

2τ 2

)
,

where τ is the kernel bandwidth. Centering yields

K̂(D) = CK(D)C, L̂(D) = CL(D)C.
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Hyperbolic CKA is computed as

CKAH =
⟨K̂(D), L̂(D)⟩F

∥K̂(D)∥F · ∥L̂(D)∥F
.

Further, the hyperbolic representations are fused using mobius addition,

r
(D)
i = pi ⊕ qi,

and projected back to euclidean space via the logarithmic map:

r
(fused)
i = tanh−1(∥r(D)i ∥) r

(D)
i

∥r(D)i ∥
.

In parallel, euclidean representations are concatenated after E-CKA computation. The

outputs of the E-CKA and H-CKA branches are each passed through a fully connected

layer with 90 neurons, concatenated, and then processed by a dense layer with 60 neu-

rons, followed by a sigmoid output layer for binary classification. The total training

objective is

Ltotal = LBCE − η (CKAE + CKAH) ,

where the negative sign encourages maximization of CKA and η controls the trade-off

between classification accuracy and representation alignment. The number of trainable

parameters in MERLINN ranges from 4.2M to 5.5M, depending on the PTM represen-

tation dimensionality.

4.3.4 Training Pipeline

We use Adam optimizer with binary cross-entropy loss for training. All models are

trained for 50 epochs using a batch size of 32 and a learning rate of 1e-3. To reduce

overfitting, early stopping and dropout are applied during training. For experiments

involving MERLINN, the weighting parameter λ is fixed at 0.4, as determined through

preliminary experimentation.
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PTM
C0 C1 C2 C0 C1 C2

A F1 EER A F1 EER A F1 EER A F1 EER A F1 EER A F1 EER

AASIST CNN

W2V 84.52 78.87 13.24 85.30 80.06 16.71 89.95 86.96 17.88 86.75 81.48 17.21 87.15 82.12 14.94 85.62 80.28 18.37
WLM 86.10 81.08 14.91 87.42 82.19 15.23 91.13 87.97 17.91 89.42 84.11 13.65 89.97 84.87 13.81 90.21 85.13 15.33
UNI 83.42 77.47 15.36 82.95 76.83 19.93 85.55 80.22 20.12 85.26 79.27 17.58 84.52 78.36 16.82 84.98 78.83 17.25
XLR 88.45 84.93 10.52 86.93 82.43 14.91 90.50 87.17 13.03 91.10 88.17 9.24 90.42 87.48 11.63 91.55 88.64 12.45
WSR 85.78 80.36 11.70 86.34 81.03 16.57 86.12 84.38 18.42 87.61 82.08 12.22 88.29 83.06 13.88 86.32 80.92 17.73
MMS 89.12 85.69 11.30 88.94 85.38 13.63 89.78 86.17 16.84 91.43 88.66 11.25 91.15 88.32 10.72 91.78 89.02 13.91
LB 90.12 86.42 6.96 90.87 88.03 7.47 91.89 89.92 12.54 93.14 90.04 6.29 91.87 87.98 7.41 92.92 90.21 8.11
IB 91.31 88.06 5.83 89.55 85.88 10.18 93.72 90.02 13.51 92.23 88.28 5.57 92.98 90.13 6.19 92.00 88.18 9.26

Table 4.4: Performance comparison across different PTMs and downstream ar-
chitectures. Abbreviations: W2V—Wav2vec2, WLM—WavLM,
UNI—Unispeech-SAT, XLR—XLS-R, WSR—Whisper, MMS—MMS,
LB—LanguageBind, and IB—ImageBind. Evaluation metrics include
Accuracy (A, %), macro F1-score (F1, %), and Equal Error Rate (EER, %).
Datasets: C0—NNCES, C1—ChildMandarin, C2—Samromur. For each
metric, the top three scores (column-wise) are highlighted in blue (best),
green (second best), and yellow (third best). The same abbreviation set and
highlighting scheme are used in Table 4.5.

(a) (b)

(c) (d)

Figure 4.8: t-SNE Plots of raw PTM representations (a) LB (b) IB (c) MMS (d) WavLM

4.3.5 Experimental Results

We report experimental results across multiple evaluation settings. Performance is as-

sessed using standard metrics commonly adopted in SSD research Jung et al. (2022);

Ba et al. (2023); Phukan et al. (2024b). For C0, we alternate between the read and

spontaneous splits for training and testing—training on one split while testing on the
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other, and vice versa—with final scores averaged across both configurations. For C1

and C2, we adhere to the official train–test partitions, and results are reported on the

corresponding test sets. Notably, evaluation is performed by jointly considering both

seen and unseen test samples, and the reported scores reflect performance over the entire

test set.

Pairs
Only E-CKA MERLINN

C0 C1 C2 C0 C1 C2

A F1 EER A F1 EER A F1 EER A F1 EER A F1 EER A F1 EER

W2V-WLM 85.88 83.62 12.95 90.96 88.12 16.27 90.40 89.12 14.84 88.52 87.49 10.40 93.18 91.44 12.92 93.29 92.20 12.00
W2V-UNI 84.05 78.33 15.34 87.81 85.07 17.56 88.71 86.15 18.88 86.08 84.86 12.33 89.84 88.64 14.26 91.25 90.03 15.70
W2V-XLR 90.40 87.53 9.75 87.59 85.91 14.22 91.59 90.37 12.63 93.21 92.20 6.14 90.29 88.95 11.91 94.55 93.21 10.44
W2V-WSR 86.80 80.94 13.07 89.15 86.85 15.98 90.36 88.01 16.19 88.90 87.05 9.86 91.96 90.23 12.91 93.33 91.95 13.09
W2V-MMS 88.94 84.62 10.50 90.94 87.38 13.26 87.91 86.16 16.92 91.77 90.15 6.78 93.52 91.82 11.17 90.14 88.85 14.76
W2V-LB 92.80 89.62 6.54 89.75 87.12 9.35 92.89 90.92 12.26 95.03 93.93 3.98 92.39 91.03 6.61 95.10 93.83 8.39
W2V-IB 92.10 90.43 6.10 91.98 89.95 9.35 93.56 91.19 12.89 94.75 93.14 3.76 94.71 93.55 6.59 96.55 94.91 9.78
WLM-UNI 84.76 79.27 13.14 89.18 86.08 18.94 90.84 88.09 16.42 87.44 85.60 9.59 91.41 90.38 16.31 93.11 91.90 12.53
WLM-XLR 87.59 83.55 11.45 89.51 87.75 13.69 92.81 88.76 16.27 90.47 89.16 8.14 91.91 90.00 10.77 95.07 93.82 13.15
WLM-WSR 87.28 82.05 12.07 89.18 86.60 14.32 90.52 88.69 16.35 89.54 87.96 8.27 91.58 90.36 10.32 93.03 91.94 14.26
WLM-MMS 89.38 85.75 10.72 91.94 90.80 12.44 90.50 89.17 15.33 91.91 90.27 8.11 94.96 92.68 9.25 92.97 91.35 12.12
WLM-LB 90.59 88.85 6.13 92.87 90.61 7.07 93.89 89.85 13.11 93.98 92.17 2.74 95.48 93.31 4.30 96.89 94.26 10.32
WLM-IB 90.18 89.50 5.95 91.37 90.02 8.98 94.05 90.11 13.82 93.02 91.44 2.09 94.68 92.78 5.81 96.89 95.13 10.12
UNI-XLR 85.93 80.95 14.00 81.94 79.86 16.88 89.53 88.20 14.44 88.93 87.60 11.12 84.94 83.36 14.13 92.17 91.30 10.09
UNI-WSR 84.83 79.70 13.38 80.15 78.12 16.42 86.26 85.54 17.70 87.81 86.16 10.10 83.28 81.72 13.45 88.95 87.98 14.25
UNI-MMS 86.68 81.94 12.61 89.04 87.41 10.44 89.07 88.02 15.52 89.17 87.67 9.09 91.81 90.68 7.49 91.62 90.35 11.78
UNI-LB 87.96 82.98 10.28 84.15 82.57 14.33 90.21 89.72 13.16 90.38 89.17 7.20 86.88 85.68 11.71 93.21 91.56 10.28
UNI-IB 88.15 83.02 10.22 83.47 82.34 15.18 91.93 90.51 12.14 90.67 89.55 7.77 85.81 84.22 12.72 94.15 93.08 8.88
XLR-WSR 87.65 82.40 12.39 89.96 87.69 8.41 89.51 87.14 13.06 89.88 87.97 8.67 92.03 90.79 5.07 91.72 90.59 9.19
XLR-MMS 89.49 85.92 10.98 90.13 88.45 8.65 90.94 89.62 12.59 92.06 90.59 7.41 92.94 91.75 6.46 93.37 91.95 9.66
XLR-LB 91.62 88.21 6.65 92.89 91.51 7.05 92.89 90.92 11.44 94.35 92.68 2.68 94.99 93.59 4.37 95.75 94.50 9.06
XLR-IB 89.41 87.93 6.72 91.78 89.15 9.68 94.14 91.62 13.19 91.86 90.44 4.16 94.03 92.11 6.79 97.00 95.45 11.09
WSR-MMS 88.98 83.79 11.02 90.71 88.70 9.98 90.15 88.02 15.83 91.98 90.14 7.08 93.64 91.79 7.65 92.64 91.43 13.03
WSR-LB 89.59 84.18 8.20 91.72 89.52 7.24 90.12 89.04 12.05 91.65 90.27 4.23 93.99 92.21 4.33 92.54 90.58 8.06
WSR-IB 89.44 84.08 9.25 92.15 90.88 6.92 92.06 91.72 11.21 92.00 90.28 6.94 94.45 92.48 3.76 94.60 92.85 9.10
MMS-LB 92.32 86.94 5.80 92.15 90.22 8.59 92.29 91.51 11.41 94.90 93.40 2.09 94.31 92.35 6.43 94.48 92.88 8.06
MMS-IB 91.86 86.90 5.97 93.20 91.15 6.70 94.23 92.18 10.69 94.10 92.98 2.19 95.45 93.86 3.46 96.65 95.07 7.64
LB-IB 93.40 90.15 5.48 94.22 92.98 6.42 95.50 93.28 8.30 96.33 95.13 2.05 96.46 95.06 3.08 97.80 96.48 4.80

Table 4.5: Performance of PTM fusion using MERLINN compared with an E-CKA–
only baseline.

Models trained on Previous SOTA NAC-generated speech detection datasets:We

train the AASIST model—previously established as a SOTA benchmark for NAC-

generated speech Wu et al. (2024b)—using one of the initial dataset introduced in Wu

et al. (2024b). The trained model is then evaluated on our CFK dataset across C0, C1,

and C2. The model attains accuracies of 67.08%, 65.33%, and 64.79%, along with cor-

responding EERs of 28.01%, 28.67%, and 29.45% on C0, C1, and C2, respectively. All

models are trained using the same experimental configuration described earlier in the

Training Pipeline section.

Comparison of PTMs with AASIST and CNN as Downstream Models: To validate

our hypothesis, we evaluate a diverse set of PTMs using both AASIST and CNN as
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downstream architectures. Models are trained on the respective training splits of the

CFK dataset (C0, C1, and C2). The results, summarized in Table 4.4, demonstrate that

the multimodal PTMs—LB and IB—consistently achieve the strongest performance,

thereby supporting our hypothesis. These quantitative findings are further supported

by t-SNE visualizations of the raw PTM representations shown in Figure 4.8, which

reveal clearer clustering for multimodal PTMs. Notably, despite its simpler architec-

ture, the CNN downstream model consistently outperforms AASIST across most PTM

representations. Among monolingual speech PTMs, WavLM yields the best perfor-

mance, whereas Wav2vec2 and Unispeech-SAT perform comparatively worse, high-

lighting their limited effectiveness in this setting. In contrast, multilingual speech

PTMs—particularly XLS-R, Whisper, and MMS—consistently surpass monolingual

counterparts, in line with observations from our SSD work Phukan et al. (2024b).

Results with MERLINN: The evaluation results of the models trained on fusion of

PTM representations are shown in Table 4.5. As a baseline for comparison, we im-

plement a euclidean-only CKA variant, where alignment is performed exclusively in

euclidean space without incorporating the hyperbolic branch. To ensure fair evalua-

tion, both the modeling architecture and training details are kept identical to those used

for MERLINN. We compare the performance of PTM fusion against individual PTMs

and observe that combining PTMs representations generally yields consistent improve-

ments over individual PTM representatinos. The euclidean-only CKA baseline shows

noticeable gains compared to individual PTMs, indicating the benefit of PTM fusion.

However, MERLINN consistently delivers superior performance over both individual

PTMs and the euclidean-only CKA baseline. By aligning representations across differ-

ent geometric manifolds, MERLINN enables effective fusion of heterogeneous PTMs.

In particular, fusing LB and IB using MERLINN achieves the best overall performance

among all evaluated configurations. These results highlight the complementary nature

of multimodal PTM representations and demonstrate MERLINN’s ability to effectively

exploit this complementarity through its multi-geometry alignment strategy.

Comparison with SOTA: AASIST Wu et al. (2024b) represent SOTA architecture for

NAC-generated speech detection. As discussed earlier, our results demonstrate that

MERLINN consistently outperforms these approaches on the CCFD task, achieving the

best overall performance.
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Effectiveness of MERLINN on previous benchmark NAC-generated speech detec-

tion Datasets: To further assess the robustness of MERLINN alongside our best-performing

configuration, we evaluate MERLINN with LB and IB on established benchmarks intro-

duced by Wu et al. (2024b) and Lu et al. (2024). We train both AASIST and MERLINN

on these datasets for a direct comparison. On the dataset from Lu et al. (2024), AA-

SIST achieves an EER of 4.20%, whereas MERLINN reports a lower EER of 3.15%.

Similarly, on the dataset proposed by Wu et al. (2024b), AASIST records an EER of

10.32%, while MERLINN improves upon this with an EER of 9.32%. These results

demonstrate the superior performance and generalization capability of MERLINN com-

pared to existing SOTA methods.

Statistical Significance: The statistical significance of the observed performance im-

provement was evaluated using a paired McNemar’s test on the same test set. A pairwise

comparison between MERLINN (LB + IB) and the strongest euclidean CKA baseline

using the same PTMs resulted in p-values of 0.00854 (CO), 0.00473 (C1), and 0.00051

(C2). Since this value is well below the conventional significance threshold of 0.05, the

performance gain achieved by MERLINN can be considered statistically significant.

4.4 Chapter Summary

This chapter investigated Geometry Guided Alignment strategies for fusion of het-

erogeneous PTM representations, demonstrating how geometric modeling can effec-

tively reconcile representational disparities across diverse embedding spaces. We pro-

pose, three novel fusion framework, namely, HYFuse for SER, MATA for NVER, and

MERLINN for SSD tackling the novel task of NAC-generated children speech detection.

Through HYFuse, we showed that mapping heterogeneous representations into hyper-

bolic space preserves hierarchical acoustic–prosodic relationships. MATA further illus-

trated how optimal transport can align manifold structures across multimodal PTMs for

improved NVER. Extending this geometric perspective, MERLINN unified euclidean

and hyperbolic alignment to support SSD of vulnerable population i.e. Children. Col-

lectively, these methods establish geometry as a principled and powerful foundation

for achieving fusion across heterogeneous PTMs representation, forming the first major

branch of the broader Proximal Interpolative Fusion paradigm for improved affective
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and secure VIS.
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CHAPTER 5

Interaction Guided Alignment

In this chapter, we introduce the Interaction Guided Alignment frameworks developed

in this thesis. Prior studies have demonstrated that explicitly modeling interactions

between heterogeneous PTM representations can substantially enhance downstream

performance. For example, Arunkumar et al. Arunkumar et al. (2022) incorporated

attention-based fusion to integrate complementary PTM representations for improved

speech recognition. However, within the domains of affective and secure VIS, such

interaction-driven fusion strategies remain largely unexplored. To address this gap, we

propose two Interaction Guided Alignment frameworks. The first, MiO, leverages bilin-

ear pooling to capture interactions among heterogeneous PTM representations, enabling

richer cross-representation dependencies. The second, SCAR, employs a nested cross-

attention mechanism to model bi-directional and hierarchical interactions between rep-

resentations. We demonstrate that both approaches yield significant improvements for

SSD, including challenging scenarios where the emotional content of the speech is in-

tentionally manipulated.

5.1 MiO

In this section, we outline the background and motivation for leveraging interaction-

based mechanism to fuse heterogeneous PTM representations, and subsequently in-

troduce our proposed framework, MiO Phukan et al. (2024a), which utilizes bilinear

pooling to model rich cross-representation interactions and achieve improved SSD per-

formance.

5.1.1 Background and Motivation

With the growing availability of PTMs, SSD has seen rapid progress. Leveraging PTM-

derived representations as input features offers significant benefits, including improved

accuracy and reduced development effort compared to building SSD systems from



scratch. PTMs vary in architecture, pre-training strategies, and training data scale, and

can be trained in supervised (e.g., Whisper Radford et al. (2023)) or self-supervised

(e.g., Wav2vec2 Baevski et al. (2020)), as well as on single or multiple languages.

Although typically pre-trained only on real speech, PTM representations have demon-

strated strong performance in distinguishing genuine speech from synthetic counter-

parts wen Yang et al. (2021); Martín-Doñas and Álvarez (2022). However, previous

research has overlooked the potential of multilingual speech PTMs for SSD. We be-

lieve that the representations from these PTMs will be the most effective for SSD. Our

belief is grounded in the hypothesis that multilingual PTMs, trained on large-scale and

diverse multilingual speech data, inherently learn a broad range of pitch, accent, and

tonal variations, making them more robust for SSD than other PTMs. To test this,

we evaluate eight SOTA PTMs—multilingual (XLS-R, Whisper, MMS), monolingual

(Unispeech-SAT, WavLM, Wav2vec2), speaker recognition (x-vector), and emotion

recognition (XLSR_emo) using two downstream networks: FCN and CNN across three

benchmark datasets: ASV, ITW, and DECRO. Motivated by findings in other speech

processing tasks Arunkumar et al. (2022) showing that certain PTM representations are

complementary, we further propose a novel fusion framework, Merge into One (MiO),

for combining PTM representations. In this section, we first identify the most effective

PTM representations for SSD and subsequently design their fusion strategy. To our

knowledge, this is the first study to explore PTM fusion for SSD. Our main contribu-

tions are:

• A comprehensive empirical analysis demonstrating the superior performance of
multilingual PTMs for SSD, consistently outperforming other PTMs across all
three datasets.

• Introducing MiO, a novel framework for fusion of heterogeneous PTM represen-
tations, which delivers significant gains over individual PTMs and achieves SOTA
EER in ASV and ITW, with competitive results on DECRO.

5.1.2 Modeling

Modeling with Individual PTM representations: To evaluate the impact of PTM

representations implicit knowledge learned for SSD, we keep the downstream models

minimal. Two architectures are explored: (i) FCN applied directly to the extracted

representations, and (ii) CNN: 1D-CNN followed by max pooling, an FCN block, and
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a softmax output layer for probability estimation.

PTM

Representations

MaxPooling

1D CNN

PTM

MaxPooling

1D CNN

Bilinear Pooling

Input

FCN

Classifier

Output

Representations

Figure 5.1: MiO

Merge into One (MiO): For fusion of representations from PTMs, we introduce MiO

(Figure 5.1). Each input representation is first processed using the CNN-based approach

from Modeling with Individual PTM representations (ii) above. Features are then

linearly projected to a 120-dimensional space to reduce computational load, followed by

bilinear pooling to capture multiplicative feature interactions. Bilinear pooling presents

a effective and simple way to increase the interaction between the feature spaces Kumar

and Nandakumar (2022). For vectors u ∈ RD×1 and v ∈ RD×1, bilinear pooling is

defined as:

BP = u⊗ v = uv⊤ (5.1)

The bilinear pooling output is flattened and passed through an FCN for final classifica-

tion.

5.1.3 Experiments

Pre-Trained Models: We use XLS-R, Whisper, and MMS as multilingual PTMs which

are SOTA in different multilingual speech processing tasks. As monolingual PTMs, we

choose, WavLM (Large), WavLM (Base), Unispeech-SAT, and Wav2vec2. As speaker

recognition and emotion recognition PTM, we choose, x-vector and XLSR_emo Cahyaw-

ijaya et al. (2023). These PTMs pre-trained for specialized objectives—such as speaker
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recognition Ma et al. (2023) and SER Conti et al. (2022)—have demonstrated strong

effectiveness for SSD, and as such we incorporate them in this thesis. XLSR_emo is an

XLS-R-53 Conneau et al. (2021) model that has been further fine-tuned using the train-

ing splits of several English and Chinese SER corpora, including CREMA-D, CSED,

ElderReact, ESD, IEMOCAP, and TESS. More details about the PTMs are given in

Chapter 2.

Benchmark Datasets: For our experimental evaluation, we employed three widely

recognized benchmark datasets: ASV, ITW, and DECRO. More details are given in

Chapter 3.

PTM ASV ITW D-C D-E

XLR 1.67 0.24 1.42 0.12
WSR 2.34 0.73 0.69 0.11
MMS 3.10 0.31 1.11 0.19
UNI 9.97 2.36 2.14 0.54
WLM (Base) 10.46 8.48 4.22 0.57
WLM (Large) 10.23 8.41 4.20 0.60
W2V 12.45 16.54 6.95 1.10
XVC 9.49 0.98 2.65 0.66
XLSR_emo 9.36 2.70 3.11 0.18

Table 5.1: EER (%) scores for FCN models with different PTM representations;
D-C and D-E denote the Chinese and English subsets of DECRO, re-
spectively. Abbreviations: W2V—Wav2vec2, WLM—WavLM, XVC—x-
vector, XLR—XLS-R, UNI—Unispeech-SAT, WSR—Whisper

PTM ASV ITW D-C D-E

XLR 1.03 0.17 1.42 0.07
WSR 2.02 0.22 0.58 0.06
MMS 1.50 0.20 0.70 0.09
UNI 9.76 2.20 1.89 0.42
WLM (Base) 9.90 8.31 4.21 0.44
WLM (Large) 9.30 7.60 3.14 0.45
W2V 10.33 14.77 6.66 1.05
XVC 8.61 0.27 2.62 0.92
XLSR_emo 9.20 1.57 2.83 0.10

Table 5.2: EER (%) scores for CNN models with different PTM representations; D-C
and D-E denote the Chinese and English subsets of DECRO, respectively.

Training Details: All the models are trained for 20 epochs with a batch size of 32,

employing Adam optimization and cross-entropy loss. The learning rate is kept at 1e-3

and dropout regularization for reducing overfitting.
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(a) XLS-R (b) Whisper (c) MMS
(d) Unispeech-

SAT (e) x-vector

Figure 5.2: t-SNE plots of raw representations from various PTMs on ASV

(a) XLS-R (b) Whisper (c) MMS
(d) Unispeech-

SAT (e) x-vector

Figure 5.3: t-SNE plots of raw representations from various PTMs on ITW

(a) XLS-R (b) Whisper (c) MMS
(d) Unispeech-

SAT (e) x-vector

Figure 5.4: t-SNE plots of raw representations from various PTMs on D-C

(a) XLS-R (b) Whisper (c) MMS
(d) Unispeech-

SAT (e) x-vector

Figure 5.5: t-SNE plots of raw representations from various PTMs on D-E
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PTM Combinations ASV ITW D-C D-E

XLR + WSR 0.95 0.27 1.08 0.05
XLR + MMS 0.56 0.29 1.62 0.06
XLR + UNI 0.45 0.11 1.03 0.13
XLR + WLM (Base) 0.82 0.16 1.36 0.14
XLR + WLM (Large) 0.72 0.14 1.16 0.12
XLR + W2V 1.06 0.12 1.80 0.11
XLR + XVC 0.41 0.07 1.63 0.46
XLR + XLSR_emo 1.35 0.21 1.60 0.12
WSR + MMS 2.24 0.15 0.27 0.08
WSR + UNI 2.16 1.03 0.46 0.28
WSR + WLM (Base) 1.90 0.97 2.95 0.15
WSR + WLM (Large) 1.95 0.91 2.10 0.13
WSR + W2V 2.19 1.08 0.98 0.65
WSR + XVC 3.30 0.22 0.91 0.32
WSR + XLSR_emo 1.81 0.63 0.88 0.21
MMS + UNI 4.44 0.17 0.19 0.24
MMS + WLM (Base) 0.99 3.50 0.21 0.25
MMS + WLM (Large) 1.00 3.10 0.15 0.22
MMS + W2V 0.50 0.22 0.39 0.33
MMS + XVC 5.40 0.14 0.77 0.25
MMS + XLSR_emo 1.80 0.36 0.81 0.32
UNI + WLM (Base) 10.18 2.79 2.31 0.48
UNI + WLM (Large) 9.19 2.99 2.11 0.41
UNI + W2V 9.74 2.55 2.88 0.59
UNI + XVC 5.82 0.15 2.56 0.54
UNI + XLSR_emo 6.80 1.70 2.09 0.57
WLM (Base) + W2V 12.46 8.54 1.93 0.51
WLM (Base) + XVC 6.03 0.19 3.04 0.61
WLM (Base) + XLSR_emo 7.91 2.31 2.64 0.21
WLM (Large) + W2V 11.36 7.14 1.44 0.54
WLM (Large) + XVC 5.01 0.19 2.21 0.60
WLM (Large) + XLSR_emo 6.92 2.20 2.01 0.18
W2V + XVC 7.31 0.26 3.51 0.47
W2V + XLSR_emo 7.50 1.91 2.87 0.32
XVC + XLSR_emo 7.89 0.43 1.11 0.71

Table 5.3: EER (%) scores for different PTM representation combinations with
MiO. Abbreviations: W2V—Wav2vec2, WLM—WavLM, XVC—x-vector,
XLR—XLS-R, UNI—Unispeech-SAT, WSR—Whisper. D-C and D-E de-
note the Chinese and English subsets of DECRO, respectively.

Experimental Results: For ASV and DECRO, results are reported on the official test

split, while ITW scores are averaged over five random splits due to the absence of an

official partition. DECRO models are trained separately on Chinese (D-C) and En-

glish (D-E) subsets. We have used EER as the evaluation metric as used by previous

research Martín-Doñas and Álvarez (2022). Tables 5.1 and 5.2 show EERs for dif-
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ferent PTM representations using FCN and CNN downstream models. Multilingual

PTMs (XLS-R, Whisper, MMS) consistently achieve the lowest EERs, validating our

hypothesis that exposure to diverse multilingual data equips them with richer pitch, ac-

cent, and tone variations beneficial for SSD. XLS-R attains the best scores for ASV

and ITW, while Whisper leads in DECRO. MMS exhibits mixed but competitive per-

formance. CNN models generally outperform FCNs by capturing richer local patterns.

Among monolingual PTMs, Unispeech-SAT stands out, outperforming WavLM (Large)

despite having the same parameter count as WavLM (Base), likely due to its speaker-

aware pre-training. Specialized models such as x-vector and XLSR_emo also surpass

general monolingual PTMs in some cases, owing to their task-specific feature learning.

Wav2vec2 performs worst, indicating its limited ability to capture features critical for

fake–real discrimination. We have also presentations visualizations of the PTM repre-

sentation spaces in Figures 5.2, 5.3, 5.4, and 5.5 for ASV, ITW, D-C, and D-E, respec-

tively. They show that multilingual PTMs exhibit clearer class separation between real

and fake samples and thus augmenting our results. Table 5.3 presents results from PTM

fusion. Combining XLS-R with x-vector yields the lowest EERs for ASV and ITW,

suggesting strong complementarity between multilingual and speaker-specific features.

In D-C, MMS with WavLM (Large) performs best, while D-E benefits from XLS-R

with Whisper. However, some combinations degrade performance, e.g., XLS-R with

XLSR_emo, where contradictory feature behaviors emerge.

Dataset Model EER (%)

ASV CQT-DCT-LCNN Lavrentyeva et al. (2019) 1.84
MiO(XLR + XVC) 0.41

ITW STATNet Ranjan et al. (2022) 0.20
MiO(XLR + XVC) 0.07

D-E Res-TSSDNet Ba et al. (2023) 0.02
MiO(XLR + WSR) 0.04

Table 5.4: Comparison with SOTA works on ASV, ITW, and D-E in terms of EER
(%). MiO(XLR + XVC) and MiO(XLR + WSR) denote the proposed MiO
framework instantiated with the corresponding PTM pair, where XLR, XVC,
and WSR refer to XLS-R, x-vector, and Whisper, respectively.

Comparison with State-of-the-art: We benchmark MiO against prior SOTA methods

on ASV, ITW, and D-E, as shown in Table 5.4. Since Ba et al. (2023) used D-C solely

for cross-lingual evaluation from English to Chinese, no prior works report training and
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PTM ASV Training D-C Training ITW Training D-E Training
D-C D-E ITW ASV ITW D-E ASV D-C D-E ASV D-C ITW

XLR 22.78 12.21 28.11 10.23 19.78 15.32 10.45 18.88 21.03 11.06 39.58 14.94
WSR 30.51 11.09 29.21 17.19 35.55 15.34 16.91 39.62 30.30 15.78 30.67 17.18
MMS 19.62 9.61 18.83 4.11 19.51 8.71 27.50 50.63 20.19 14.78 32.75 21.59
W2V 48.23 19.48 43.01 19.82 40.07 18.74 45.37 49.15 49.99 28.80 46.21 35.03

WLM (Large) 31.10 13.19 32.12 31.23 36.69 15.99 28.13 43.91 35.93 16.61 40.60 24.61
XVC 32.98 13.62 37.43 39.53 38.66 17.69 25.43 47.90 37.95 18.62 39.65 28.62

Table 5.5: Cross-corpus evaluation using 120-dimensional PTM representations; results
are reported in EER (%). Training is performed on one corpus (ASV, D-C,
ITW, or D-E), and evaluation is conducted on the remaining corpora (shown
as columns). For ITW, a single evaluation split is used based on one random
seed. Abbreviations: XLR—XLS-R, WSR—Whisper, W2V—Wav2vec2,
WLM-WavLM, and XVC—x-vector.

testing directly on D-C. Our approach achieves the lowest EER on ASV and ITW, and

delivers competitive results on D-E compared to existing best-performing methods.

PTM ASV Training D-C Training ITW Training D-E Training
D-C D-E ITW ASV ITW D-E ASV D-C D-E ASV D-C ITW

XLR 21.33 12.78 29.28 12.14 23.22 21.88 8.21 17.69 29.88 21.99 11.93 14.65
WSR 25.22 21.00 34.88 13.66 29.22 16.94 17.82 33.60 17.87 24.88 11.87 21.86
MMS 34.61 26.14 19.28 19.88 31.40 32.97 20.74 42.11 10.85 23.16 18.42 21.43
W2V 57.66 43.98 46.66 44.63 47.22 41.90 27.34 53.33 44.97 35.76 43.98 46.95

WLM (Large) 35.19 30.31 42.20 34.99 33.21 34.28 21.11 41.39 30.83 29.51 33.47 35.11
XVC 35.79 32.34 45.04 37.09 39.22 39.02 21.12 43.22 31.00 32.55 32.77 32.98

Table 5.6: Cross-corpus evaluation using 240-dimensional PTM representations; results
are reported in EER (%). Training is performed on one corpus (ASV, D-C,
ITW, or D-E), and evaluation is conducted on the remaining corpora (shown
as columns). For ITW, a single evaluation split is used based on one random
seed. Abbreviations: XLR—XLS-R, WSR—Whisper, W2V—Wav2vec2,
WLM-WavLM, and XVC—x-vector.

Model ASV Training D-C Training ITW Training D-E Training
D-C D-E ITW ASV ITW D-E ASV D-C D-E ASV D-C ITW

XLR + XVC 21.11 12.04 24.80 16.53 23.34 16.14 58.78 49.84 69.14 21.34 35.72 48.15
WSR + UNI 44.59 7.80 38.86 26.89 47.02 15.74 55.02 29.94 47.72 12.89 44.26 27.50

Table 5.7: Cross-corpus evaluation using fused PTM representations reduced to 120 di-
mensions; results are reported in EER (%). Training is performed on one
corpus (ASV, D-C, ITW, or D-E), and evaluation is conducted on the re-
maining corpora (shown as columns). For ITW, the test set corresponds to a
single split generated from one random seed. Abbreviations: XLR—XLS-R,
WSR—Whisper, W2V—Wav2vec2, and XVC—x-vector.

Model ASV Training D-C Training ITW Training D-E Training
D-C D-E ITW ASV ITW D-E ASV D-C D-E ASV D-C ITW

XLR + XVC 17.21 15.14 24.53 14.84 17.97 13.53 55.85 50.91 57.04 37.68 14.23 26.91
WSR + UNI 31.21 15.70 41.56 24.61 46.94 18.52 54.80 39.57 46.75 42.57 18.34 31.09

Table 5.8: Cross-corpus evaluation using fused PTM representations reduced to 240 di-
mensions; results are reported in EER (%). Training is performed on one
corpus (ASV, D-C, ITW, or D-E), and evaluation is conducted on the re-
maining corpora (shown as columns). For ITW, the test set corresponds to a
single split generated from one random seed.
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Statistical Significance: To evaluate the statistical reliability of the reported perfor-

mance gains, paired McNemar’s tests were performed using predictions obtained from

identical test sets across ASV, ITW, DECRO-Chinese and DECRO-English. The pro-

posed MiO framework, combining Whisper and MMS representations, was compared

against the strongest competing baseline based on feature concatenation of the same

PTMs. The resulting p-values were 0.00017 for ASV, 0.00652 for ITW, 0.00547 for

DECRO-Chinese and 0.00310 for DECRO-English, all of which are below the con-

ventional significance threshold of 0.05, indicating that the observed improvements are

statistically significant.

Cross-Corpus Evaluation: We also evaluate how well dowstream models trained on

multilingual PTM representations transfer to unseen corpora—a setting where prior

SSD studies Ba et al. (2023); Müller et al. (2022a) have shown that systems trained on

one dataset or language often struggle when tested on another. Using the same down-

stream architecture, we first normalize representation dimensionality across PTMs us-

ing Principal Component Analysis (PCA), projecting all representations to either 120 or

240 dimensions. This projection step is necessary because the original PTM represen-

tations differ in dimensionality, and it allows us to assess their intrinsic behavior under

cross-corpus evaluation conditions. Models are then trained on the training split of one

dataset and evaluated on the test split of each remaining dataset. Training hyperparam-

eters (epochs, batch size, and optimization setup) follow the configuration described

in Training Details above. For a meaningful comparison, we benchmark multilingual

PTMs against a monolingual PTM (Wav2vec2) as well as a strong speaker-recognition

PTM (x-vector), both of which produced competitive performance in earlier experi-

ments (Table 5.2). Cross-corpus findings (Tables 5.5 and 5.6) consistently show that

multilingual PTMs representations offer superior transferability across datasets. Al-

though multilingual PTMs generally lead, their performance varies across settings—for

example, MMS achieves the strongest results when trained on ASV and D-C in the

120-dimensional configuration, whereas XLS-R performs competitively when trained

on ITW and D-E and evaluated on the remaining corpora. We also observe noticeable

shifts between the 120- and 240-dimensional PCA projections, indicating that repre-

sentational dimensionality has a subtle but measurable influence on downstream gener-

alization. Complementary cross-corpus evaluations for selected PTM pairs using MiO

(Tables 5.7 and 5.8) further demonstrate that fusing top-performing PTM representa-
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tions through MiO enhances robustness across datasets, surpassing the generalization

achieved by their individual PTM representations.

5.2 SCAR

In this section, we discuss the background and motivation for leveraging multimodal

PTMs representations for an edge case of synthetic speech—specifically when the emo-

tional content of the speech is deliberately altered. We then introduce our proposed

framework, SCAR, situated within the broader family of Interaction Guided Alignment

methods. Unlike MiO, which models cross-representation relationships through bilin-

ear pooling, SCAR Akhtar et al. (2025) employs a nested cross-attention mechanism

to capture fine-grained, bi-directional dependencies between heterogeneous PTM rep-

resentations. By recursively modeling how one PTM attends to another in a nested

fashion interaction depths, SCAR learns rich relationship that are essential for identify-

ing emotion-manipulated synthetic speech.

Figure 5.6: Illustration of EmoFake: Speaker A’s happy speech is altered to synthesize
a sad emotional tone while preserving the original spoken content

5.2.1 Background and Motivation

With the increasing accessibility of powerful PTMs, research in SSD has progressed

considerably Guo et al. (2024); Pascu et al. (2024); Yang et al. (2024). PTMs trained

on large, diverse speech corpora have driven much of this progress, offering substantial

performance gains while eliminating the need for task-specific training from scratch—a

trend observed in both general SSD Kawa et al. (2023) and also in synthetic singing

voice detection Chen et al. (2024). However, despite these advancements, one criti-

cal vulnerability remains largely overlooked: synthetic speech in which the emotional
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content is intentionally altered. For convenience, we refer to this class of attacks as

EmoFake throughout this section.

EmoFake (Figure 5.6) involves modifying a speaker’s emotional profile—such as

pitch, timbre, and intensity—while keeping both the linguistic content and speaker

identity intact. Unlike conventional synthetic speech (Detecting conventional synthetic

speech is handled by MiO in the above Section), EmoFake performs targeted emo-

tional manipulation, making the altered speech perceptually natural yet deceptive. This

subtle form of attack introduces new security and forensic challenges. They can be

exploited to induce affective bias in affect-aware VIS, increasing susceptibility to per-

suasion, coercion, or inappropriate system actions. As a remedy, Zhao et al. Zhao

et al. (2024b) introduced the first dataset for detecting such synthetic speech and pro-

vided initial baseline results. However, their work did not explore the use of large-scale

PTMs, even though such models have consistently shown strong effectiveness across a

wide range of SSD tasks. In this chapter, we focus specifically on EmoFake Detection

(EFD)1 and undertake, to the best of our knowledge, the first comprehensive evaluation

of PTMs for EFD. We hypothesize that multimodal PTMs—(LB and IB)—will surpass

speech-only PTMs (WavLM, Wav2vec2, UniSpeech-SAT) in EFD. Unlike speech PTMs,

multimodal PTMs undergo cross-modal pre-training and thus learn richer emotional

structures shared across modalities. This cross-modal grounding allows them to better

recognize unnatural emotional shifts and inconsistencies, making them more capable of

discriminating authentic from manipulated emotional expressions. To evaluate this hy-

pothesis, we perform an extensive comparison of SOTA speech and multimodal PTMs.

Our findings show that multimodal PTMs consistently outperform speech PTMs on

EFD.

Further, motivated by our prior work in SSD Phukan et al. (2024a) (MiO) and

SER Wu et al. (2023a), where fusing heterogeneous PTMs representations yielded no-

table gains, we extend this line of inquiry to EFD. To the best of our knowledge, this is

the first study to explore fusion of PTM representations for EFD. To this end, we intro-

duce SCAR (NeSted Cross-Attention NetwoRk), a novel Interaction Guided Alignment

framework designed for effective fusion of PTM representations. SCAR incorporates

a nested cross-attention mechanism that enables multi-stage, bidirectional information

1* To clearly distinguish this setting from conventional SSD, we refer to this task as EFD throughout
this section
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exchange between PTMs, allowing the model to progressively refine emotional cues

across representational spaces. A complementary self-attention refinement module fur-

ther amplifies cross-PTM patterns while suppressing irrelevant variations. By apply-

ing SCAR to fuse multimodal PTMs, we obtain the strongest performance—surpassing

standalone PTMs, baseline fusion technique, and previous SOTA systems—thereby es-

tablishing a new SOTA for EFD. Similar to the fusion approaches introduced earlier in

Chapter 4—namely MATA and Chapter 5 MiO—this section follows the same method-

ology: we first identify the most effective PTMs for the downstream task and then

formulate their corresponding fusion strategy to achieve improved performance.

The key contributions are given as follows:

• We conduct the first extensive comparative study of SOTA multimodal and speech
PTMs to assess their suitability for EFD. Our findings demonstrate that multi-
modal PTMs consistently deliver superior performance.

• We introduce SCAR, a novel framework for fusion of heterogeneous PTMs. By
applying SCAR to combine multimodal PTMs, we achieve performance that sur-
passes individual PTMs, outperforms baseline fusion approach, and establishes
new SOTA results compared to prior work.

5.2.2 Modeling

We first provide a detailed description of the downstream modeling used with individual

PTMs, followed by our proposed fusion framework, SCAR.

Modeling with Individual PTM representations: We adopt FCN and CNN as down-

stream classifiers, consistent with prior work in related domains such as SER Chetia

Phukan et al. (2023) and shout-intensity estimation Fukumori et al. (2023). The CNN

architecture (Figure 5.7 (b)) begins with a 1D convolutional layer containing 32 fil-

ters of kernel size 3, followed by a max-pooling operation. The resulting feature maps

are flattened and passed through a two-layer FCN comprising 512 and 128 units, re-

spectively, before reaching the final sigmoid-activated output layer. The FCN baseline

mirrors the fully connected block used in the CNN, without the convolutional front-end.

Depending on the dimensionality of the PTM representation, the CNN models contain

approximately 0.5–0.7M trainable parameters, whereas the FCN models range between

0.45–0.6M parameters.

SCAR: Framework: The architecture of the proposed framework is illustrated in
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Figure 5.7: Modeling architectures: (a) FCN and CNN; (b) SCAR; and (c) a detailed
illustration of the nested cross-attention mechanism

Figure 5.7. SCAR introduces a nested cross-attention mechanism that enables multi-

stage interactions between the representations extracted from PTMs, allowing progres-

sively refined information exchange. Cross-attention has proven to be an effective

fusion mechanism across a wide range of multimodal tasks for integrating different

modalities Ilias and Askounis (2024); Praveen and Alam (2024). However, its appli-

cation within affective and secure VIS—particularly in a nested cross-attention formu-

lation—has not been explored previously. Further, we add a subsequent self-attention

refinement module further enhances discriminative cues by amplifying cross-PTM pat-

terns while suppressing noise. First, representations obtained from the selected PTMs

are passed through a convolutional front-end identical to that used in individual PTM

modeling. The flattened outputs are then fed into the nested cross-attention block, which

consists of two sequential cross-attention stages. Let the flattened representations from

two PTMs P and Q be denoted by XP and XQ, respectively. For the first cross-attention

stage, the query (A), key (B), and value (C) projections are computed as:

A
(1)
P = XPU

P
A1, B

(1)
Q = XQU

Q
B1, C

(1)
Q = XQU

Q
C1, (5.2)

A
(1)
Q = XQU

Q
A1, B

(1)
P = XPU

P
B1, C

(1)
P = XPU

P
C1. (5.3)
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The corresponding cross-attention outputs are obtained as:

H
(1)
P = softmax

(
A

(1)
P B

(1)⊤
Q√

da

)
C

(1)
Q , (5.4)

H
(1)
Q = softmax

(
A

(1)
Q B

(1)⊤
P√
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)
C

(1)
P . (5.5)

For the second cross-attention stage, updated projections are computed as:

A
(2)
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The refined cross-attention outputs are then given by:

H
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Finally, a self-attention refinement step is applied to each PTM stream:

RP = softmax

(
H

(2)
P H

(2)⊤
P√

da

)
H

(2)
P , (5.10)

RQ = softmax

(
H

(2)
Q H

(2)⊤
Q√

da

)
H

(2)
Q . (5.11)

The final fused representation is obtained through concatenation:

Xfused = Concat(RP ,RQ). (5.12)

The fused output is then passed through a FCN comprising two dense layers of 512

and 128 units, respectively, followed by output layer with sigmoid activation for binary

classification. Both cross-attention stages use two attention heads, and the self-attention

refinement also employs two heads. Depending on the dimensionality of the PTM rep-

resentations, SCAR contains approximately 1.8-2.3M trainable parameters.
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5.2.3 Experiments

Pre-Trained Models: We use Unispeech-SAT, Wav2vec2, WavLM (Base), HuBERT,

and Whisper as speech PTMs. As multimodal PTMs, we use LB and IB. Details about

the PTMs can be in Chapter 2.

Dataset: We use the official Emofake split for training, validation, and model evalua-

tion. More detailed information can be found in Chapter 3.

Training Details: We employ Adam optimizer to train the models. We keep learning

rate of 1e-3 and a batch size of 32. We use binary cross-entropy as loss function and to

prevent overfitting, we implement dropout.

E C

PTM FCN CNN FCN CNN

UNI 2.43 2.21 7.68 7.35
W2V 2.51 2.24 4.36 3.29
WLM 5.67 5.25 8.78 4.91
HBT 3.62 2.93 10.94 10.23
WSR 2.31 2.04 3.25 3.11
LB 1.64 1.32 2.19 1.89
IB 1.87 1.36 2.10 1.81

Table 5.9: EER (%) for each PTM on the English (E) and Chinese (C) subsets
using FCN and CNN back-ends. Abbreviations: W2V—Wav2vec2,
WLM—WavLM, UNI—Unispeech-SAT, HBT—HuBERT,
WSR—Whisper. Darker color tones denote lower EER (better), while
lighter tones indicate higher EER. The same PTM abbreviations and
color-coding scheme are used in Table 5.10.

Experimental Results: We use EER as the evaluation metric, following previous re-

search on EFD Zhao et al. (2024b). Table 5.9 displays the evaluation scores of down-

stream models trained on representations from different PTMs. Our findings show that

multimodal PTMs consistently achieve lower EER values across both language sub-

sets (English and Chinese) and downstream network architectures when compared to

unimodal speech PTMs. This supports our hypothesis that multimodal PTMs will out-

perform speech PTMs in EFD, as their cross-modal pretraining enables them to capture

emotional patterns from multiple modalities, improving their ability to detect unnatu-

ral emotional shifts and inconsistencies in manipulated speech. Among speech PTMs,

Whisper achieved the best performance, likely due to its multilingual pretraining. This

is consistent with prior research on SSD Phukan et al. (2024a) (Chapter 5 MiO), which
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(a) (b)

(c) (d)

Figure 5.8: Subfigures (a) LB, (b) IB, (c) Wav2vec2, and (d) Whisper show the corre-
sponding t-SNE visualizations

showed that multilingual speech PTMs are better at capturing variations in pitch, tone,

and intensity, thus enhancing their ability to detect synthetic speech. Overall, CNN-

based models generally achieve lower EER scores than FCNs across all PTMs. We also

include t-SNE plots of raw representations from the PTMs in Figure 5.8, where clear

class clusters are visible for multimodal PTMs, further supporting our findings.

Table 5.10 presents the evaluation scores for various combinations of PTMs. We

use concatenation as the baseline fusion technique. For the baseline, we adopt a similar

architecture to SCAR, omitting the nested cross-attention block and self-attention refine-

ment. The training specifications follow those used for SCAR. We observe that fusion

of PTMs through SCAR consistently outperforms the concatenation based approach,

highlighting the effectiveness of SCAR for fusion. The best performance is achieved

by fusing multimodal PTMs, specifically LB and IB, using SCAR, demonstrating the

strong complementary relationship between these modalities. This underscores the sig-

nificance of cross-interaction among features in a nested fashion for enhancing perfor-

mance in EFD, further validating the effectiveness of interaction guided alignment of

PTMs.

Comparison to SOTA: We compare our best model, SCAR with LB and IB, to the
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Combinations
Concatenation SCAR

E C E C

UNI + W2V 3.93 6.63 2.45 4.05
UNI + WLM 3.48 7.05 3.61 6.56
UNI + HBT 3.06 5.21 2.96 4.62
UNI + WSR 4.11 4.35 2.12 2.84
UNI + LB 3.42 2.94 1.95 2.45
UNI + IB 2.90 3.43 1.89 1.97

W2V + WLM 2.65 5.14 2.13 3.94
W2V + HBT 3.04 5.87 2.96 5.31
W2V + WSR 3.03 6.11 2.63 3.07
W2V + LB 2.07 2.93 1.92 1.10
W2V + IB 2.35 4.94 1.85 2.04

WLM + HBT 3.01 4.34 2.86 3.57
WLM + WSR 3.76 4.06 3.63 2.92
WLM + LB 2.98 3.92 1.95 2.94
WLM + IB 2.93 3.37 2.13 2.45

HBT + WSR 3.21 4.86 2.65 3.02
HBT + LB 4.04 6.02 3.02 2.93
HBT + IB 3.03 5.07 2.73 4.90

WSR + LB 1.38 1.89 1.24 1.66
WSR + IB 2.67 1.93 1.53 1.81

LB + IB 1.21 1.43 1.15 1.02

Table 5.10: Evaluation results (EER in %) for pairwise PTM combinations using con-
catenation and SCAR; E and C denote the English and Chinese subsets,
respectively.

previous SOTA work Zhao et al. (2024b), which reported EER values of 3.65% and

8.34% for the English and Chinese subsets, respectively. In contrast, SCAR with LB

and IB achieved the lowest EER values of 1.15% and 1.02% for English and Chinese,

respectively, setting a new SOTA for EFD.

Statistical Significance: The statistical significance of the observed performance im-

provement was evaluated using a paired McNemar’s test on the same test set. A com-

parison between SCAR (LB + IB) and the strongest concatenation-based (LB + IB)

baseline using the same PTMs yielded p-values of 0.00185 (English) and 0.00037 (Chi-

nese), which is below the conventional significance threshold of 0.05, indicating that

the performance gain is statistically significant.
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5.3 Chapter Summary

In this chapter, we have proposed introduced the Interaction Guided Alignment frame-

works developed in this thesis, aiming to bridge a key gap in the fusion of heterogeneous

PTM representations for affective and secure VIS. While prior work has shown the ben-

efits of modeling interactions between different PTM representations, such strategies

have been limited in the domains we address. To fill this gap, we proposed two novel

frameworks: MiO, which uses bilinear pooling to capture inter-PTM interactions, and

SCAR, which employs a nested cross-attention mechanism to model interactions. Both

frameworks demonstrated substantial improvements in SSD including in challenging

cases where emotional content in speech is manipulated (Emofake). These results high-

light the effectiveness of Interaction Guided Alignment in enhancing performance and

setting the stage for future advancements in the field.
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CHAPTER 6

Divergence Guided Alignment

In this chapter, we introduce the Divergence Guided Alignment frameworks developed

in this thesis. Prior research in multimodal learning has shown that aligning representa-

tions at the distributional level—rather than only at the feature or interaction level—can

significantly improve downstream performance Shankar (2022); Wan et al.. However,

such fusion approaches have been rarely used in affective and secure VIS applications.

To bridge this gap, we propose two Divergence Guided Alignment frameworks. The

first, FINDER, employs renyi divergence to align the distributional characteristics of

heterogeneous PTM representations, enabling effective SSSA. The second, COFFE,

leverages chernoff distance to optimize distributional alignment, particularly targeting

challenging scenarios such as SSSA of synthetic singing voice. Through extensive ex-

periments, we demonstrate that Divergence Guided Alignment substantially enhances

performance for SSSA under diverse conditions.

6.1 FINDER

In this section, we present the background and motivation followed by highlighting the

role of prosodic characteristics as key fingerprints for effective SSSA. We then intro-

duce FINDER Phukan et al. (2025f ), a novel Divergence Guided Alignment framework

designed to enhance SSSA performance.

6.1.1 Background and Motivation

Prior research in the synthetic speech mitigation community has predominantly concen-

trated on binary classification—distinguishing genuine from synthetic speech (SSD)

Wu et al. (2015b); Kinnunen et al. (2017); Todisco et al. (2019); Liu et al. (2023);

Yamagishi et al. (2021); Yi et al. (2022, 2023); Shaaban et al. (2023); Hamza et al.

(2022); Altalahin et al. (2023); Kilinc and Kaledibi (2023). Although this formulation



is effective due to its simplicity, it falls short in addressing a critical dimension of syn-

thetic speech analysis: source attribution. SSSA extends beyond the binary real–fake

paradigm by aiming to identify the specific generative tool or model responsible for

producing synthetic speech Yan et al. (2022b); Zhang et al. (2023); Zhu et al. (2022).

Such fine-grained attribution plays a vital role by improving the interpretability of de-

tection decisions and facilitating targeted countermeasures, especially in sensitive ap-

plications including audio forensics, legal proceedings, and intellectual property en-

forcement. Modern generative frameworks, including TTS and VC systems, inherently

imprint distinctive prosodic characteristics—such as pitch dynamics, timbre, rhythm,

and intonation—onto the synthesized speech. These attributes arise from the archi-

tectural design choices and training pipelines of the generative models and thus act as

prosodic fingerprints that are instrumental for effective SSSA. However, no previous

research in SSSA, has focused on such fingerprints. In this work, for the first time,

we systematically investigate a range of SOTA speech PTMs to assess their ability to

capture such source-specific prosodic signatures for SSSA. We focus on PTMs that

have demonstrated strong performance in prosody-sensitive tasks, including SER and

depression detection. Our evaluation is motivated by prior studies showing the effec-

tiveness of PTMs in both SSSA-related and SSD tasks Klein et al. (2024); Phukan et al.

(2024a), where they provide substantial performance gains while eliminating the need

for training models from scratch. Furthermore, inspired by our works on SSD Phukan

et al. (2024a) and NVER Phukan et al. (2025e), we explore the fusion of heterogeneous

PTM representations and introduce FINDER (FusIon through ReNyi DivERgence), a

Divergence Guided Alignment framework designed for effective representation align-

ment for improved SSSA. To the best of our knowledge, this work constitutes the first

systematic investigation of PTM representations fusion for SSSA. Beyond its technical

contributions, our framework directly benefits end users by enabling more transparent

and explainable affective and secure VIS, empowering users to better understand not

only whether speech is synthetic, but also where it originates from, thereby fostering

trust, accountability, and resilience against increasingly sophisticated synthetic speech

attacks. Following the fusion paradigms introduced in Chapter 4(MATA), Chapter 5

(MiO), and Chapter 5(SCAR) this section also adheres to a consistent methodology. We

begin by determining the most suitable PTMs for the downstream task and then formu-

late a tailored fusion strategy to achieve improved performance.
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The main contributions are as follows:

• We present a comprehensive comparative study of SOTA speech PTMs that have
demonstrated strong performance across prosodic-focused tasks, evaluating their
capacity to capture discriminative prosodic signatures for SSSA.

• We demonstrate that representations from x-vector, a speaker recognition speech
PTM, attains the best performance, which can be attributed to its speaker-centric
pre-training that effectively captures prosodic characteristics.

• We propose FINDER, a novel framework that employs renyi divergence as a fu-
sion mechanism to fuse heterogeneous PTM representations.

6.1.2 Modeling

Modeling with Individual PTM representations: We employ two downstream archi-

tectures with individual PTM representations: a FCN and a CNN. The FCN comprises

three dense layers with 256, 128, and 64 neurons, followed by an output layer. The CNN

architecture consists of two convolutional blocks, each built using a 1D convolutional

layer and a max-pooling operation, followed by flattening and a stack of three dense

layers identical to those in the FCN. Specifically, the first convolutional block contains

256 filters with a kernel size of 3, followed by batch normalization and max pooling

with a pool size of 2. The second convolutional block employs 128 filters with a kernel

size of 3, again followed by batch normalization and max pooling with a pool size of 2.

The number of trainable parameters in the CNN models using individual PTM repre-

sentations ranges from approximately 0.8M to 1.2M, depending on the dimensionality

of the input PTM representations.

FINDER: Framework: We introduce FINDER, a novel framework designed for the

effective fusion of PTM representations. The overall architecture is illustrated in Fig-

ure 6.1. Representations extracted from each PTM are first processed through two con-

volutional blocks that follow the same configuration as the CNN architecture used for

modeling individual PTM representations. After the convolutional stages, the resulting

feature maps are flattened and linearly projected to a 120-dimensional embedding space

to ensure dimensional consistency across PTMs and to meet computational constraints.

These projected features are then aligned using renyi divergence (RD). It is a statistical

measure of dissimilarity between two probability distributions Van Erven and Harremos

(2014). In our framework, RD is formulated as a loss function that quantifies the diver-
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Figure 6.1: FINDER: RD refers to renyi divergence, L, LCE , and LRD correspond to
the total loss, cross-entropy loss, and renyi divergence loss, respectively.

gence between the learned feature representations of two distinct PTMs. A lower RD

value indicates stronger alignment between the representations. Let z1 and z2 denote

the projected features obtained from two PTM branches. The RD (LRD) between their

feature distributions is defined as:

LRD =
1

β − 1
log

(
K∑
j=1

(z1,j + δ)β(z2,j + δ)1−β

)
, (6.1)

where K denotes the embedding dimensionality, β > 1 controls the order of the di-

vergence, and δ is a small constant introduced for numerical stability. The objective of

this divergence term is to reduce the dissimilarity between heterogeneous PTM repre-

sentations, encouraging them to occupy a shared, aligned feature space. For end-to-end

training, the RD loss LRD is jointly optimized with the cross-entropy loss LCE used for

the downstream classification task. The overall training objective is defined as:

Ltotal = ηLCE + (1− η)LRD, (6.2)

where η is a weighting hyperparameter that balances classification performance and

representation alignment. The total number of trainable parameters ranges from ap-

proximately 1.3M to 1.5M, depending on the input representation dimension.
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6.1.3 Experiments

Pre-Trained Representations: We use WavLM, Wav2vec2, XLS-R, and Whisper. In

addition to the considered PTMs, we include x-vector Snyder et al. (2018b). Owing to

its speaker-discriminative pre-training, x-vector has demonstrated strong performance

across several prosodic tasks, including SER Chetia Phukan et al. (2023), shout in-

tensity prediction Fukumori et al. (2023), and depression detection Egas-López et al.

(2022), among others. We further consider Wav2Vec2-emo, a Wav2vec2-based model

fine-tuned for SER. Since SER is inherently driven by prosodic cues, we hypothesize

that the representations learned by Wav2vec2-emo may also be informative for SSSA.

Benchmark Datasets: We conduct our experiments on two benchmark datasets, namely

ASV and CFAD. For ASV, we merge the original training, validation, and test splits, re-

sulting in 19 synthetic source classes (A01–A19). In contrast, CFAD contains 9 source

classes (0–8). We adopt five-fold cross-validation for ASV and follow the official data

split provided for CFAD. Additional details regarding both datasets are presented in

Chapter 3.

Training Details: All models use a softmax activation function in the output layer to

produce class probabilities. Training is performed using the Adam optimizer with a

learning rate of 1e-3. Each model is trained for 40 epochs with a batch size of 32, and

cross-entropy loss as the loss function. To mitigate overfitting, we apply dropout. For

experiments involving FINDER, the LRD parameters are set to α = 2 and ϵ = 0.1,

with a loss-balancing weight of λ = 0.4. These hyperparameters are kept fixed across

all experiments, as they consistently yielded strong performance during preliminary

exploration.

Experimental Results: We employ accuracy and EER as evaluation metrics, follow-

ing prior work on SSSA Klein et al. (2024) and SSD Liu et al. (2023). For EER, we

report the average one-vs-all scores. The performance of downstream models trained

using individual PTM representations is summarized in Table 6.1. Across both datasets,

x-vector consistently achieves the strongest performance, characterized by higher accu-

racy and lower EER. This advantage can be attributed to its speaker recognition pre-

training, which inherently encourages the learning of rich prosodic representations—a

trend that aligns with its effectiveness across multiple prosody-driven tasks such as
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(a) WavLM (b) Whisper

(c) x-vector (d) Wav2vec2-emo

Figure 6.2: Visualization of PTMs Representational Space for CFAD

(a) WavLM (b) Whisper

(c) x-vector (d) Wav2vec2-emo

Figure 6.3: Visualization of PTMs Representational Space for ASV
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Table 6.1: Performance comparison of individual PTM representations on ASV and
CFAD. All results are reported in percentage (%), with ASV scores aver-
aged over 5 folds. Higher accuracy and lower EER indicate better perfor-
mance. Abbreviations: W2V—Wav2vec2, WLM—WavLM, XLR—XLS-
R, WSR—Whisper, and XVC—x-vector. These abbreviations are kept same
for Table 6.2.

Representations ASV CFAD

FCN CNN FCN CNN

Accuracy EER Accuracy EER Accuracy EER Accuracy EER

W2V 45.25 21.54 61.75 7.76 49.25 29.20 74.50 10.20
WLM 33.48 15.25 45.46 10.50 32.23 22.23 35.78 27.60
XLR 63.98 11.55 79.04 4.01 50.25 19.30 76.90 9.50
WSR 75.69 9.85 87.03 4.01 70.14 15.85 85.01 8.10
XVC 87.48 4.42 97.60 2.03 74.58 10.02 91.39 4.40
W2V-emo 78.45 8.40 86.35 2.50 65.30 12.12 86.50 8.60

Table 6.2: Performance comparison of fusion methods on ASV and CFAD. ASV results
are averaged over five folds, with all metrics reported in percentage (%).
Higher accuracy and lower EER indicate better performance.

Combinations ASV CFAD

Concatenation FINDER Concatenation FINDER

Accuracy EER Accuracy EER Accuracy EER Accuracy EER

W2V + W2V-emo 96.57 0.67 96.69 0.63 89.80 3.60 93.32 3.51
WLM + W2V-emo 93.60 1.10 94.60 1.08 85.65 5.70 88.03 5.55
XLR + W2V-emo 91.23 1.10 94.35 1.04 92.47 2.79 95.72 2.64
WSR + W2V-emo 96.03 0.66 96.66 0.63 94.95 1.50 98.47 1.41
XVC + W2V-emo 93.12 1.33 98.62 0.37 91.79 2.80 96.71 2.50
XVC + W2V 96.25 0.63 98.16 0.33 85.50 5.40 86.77 4.40
WLM + W2V 96.38 0.69 96.99 0.65 89.75 2.84 96.26 2.61
WSR + W2V 96.87 0.51 97.21 0.50 94.11 2.04 97.59 1.91
XLR + W2V 96.09 0.65 96.54 0.57 94.93 1.45 98.09 1.24
WLM + XLR 86.92 2.30 87.40 2.04 92.63 1.80 98.75 1.17
WSR + XLR 93.99 1.10 94.50 1.01 89.50 3.40 94.98 2.97
XVC + XLR 96.58 1.20 97.84 0.35 90.87 3.30 95.58 1.60
WSR + WLM 94.26 0.85 94.69 0.84 88.86 3.84 94.28 3.08
XVC + WLM 95.85 0.40 98.37 0.36 64.32 10.10 78.77 8.17
WSR + XVC 97.16 0.32 98.91 0.26 95.00 1.10 99.01 1.07

SER, shout intensity prediction, and depression detection Chetia Phukan et al. (2023);

Fukumori et al. (2023); Egas-López et al. (2022). In contrast, monolingual PTMs such

as Wav2Vec2 and WavLM exhibit inferior performance, likely due to their limited abil-

ity to capture source-specific prosodic characteristics. The behavior of Wav2Vec2-emo

is consistent with expectations, as it is fine-tuned for SER; however, its performance

remains inferior to that of x-vector. Whisper and XLS-R demonstrate improved per-

formance compared to monolingual PTMs, reciprocating findings from our prior SSD

study Phukan et al. (2024a) that multilingual PTMs are better at modeling diverse

prosodic patterns, including variations in pitch, tone, and rhythm.

We further visualize the learned PTM representations using t-SNE plots, presented

in Figures 6.2 and 6.3. These visualizations support the quantitative results, reveal-
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ing more distinct clustering of source classes for x-vector. Finally, we observe that

CNN-based downstream models consistently outperform their FCN counterparts, high-

lighting the effectiveness of convolutional architectures for modeling PTM representa-

tions. Table 6.2 reports the performance of PTM representation fusion using a baseline

concatenation-based approach and the proposed FINDER framework. For the baseline

method, we adopt the same architectural and training configuration as FINDER, with

the exception of the RD loss. All other training settings are kept identical to ensure a fair

comparison. Results indicate that fusing PTM representations using both fusion strate-

gies consistently outperforms models based on individual PTM representations, high-

lighting the complementary nature of heterogeneous PTM representations. Notably,

fusion via FINDER consistently surpasses the concatenation-based baseline across all

settings, demonstrating the effectiveness of Divergence Guided Alignment. Among the

evaluated combinations, Whisper and x-vector fused using FINDER achieve the best

overall performance on both datasets. The strong performance of this PTM pair can be

attributed to their complementary strengths. x-vector effectively captures prosodic cues

due to its speaker-centric training objectives, while Whisper has demonstrated robust-

ness in modeling prosodic characteristics relevant to SSD. Their combination therefore

provides richer and more discriminative representations, resulting in superior perfor-

mance in SSSA.

Dataset Model Accuracy(%) EER(%)

ASV FINDER (WSR + XVC) 98.91 0.26
MiO(WSR + XVC) 97.75 0.68
AASIST(W2V) 63.81 5.68

CFAD FINDER 99.01 1.07
MiO(WSR + XVC) 97.31 2.15
AASIST(W2V) 77.92 9.69

Table 6.3: Comparison to prior SOTA works. Abbreviations: WSR—Whisper,
XVC—x-vector, and W2V—Wav2vec2.

Comparison to prior SOTA: Since we aggregate all source classes across the training,

validation, and test splits for ASV, direct comparison with prior studies is not feasible.

Furthermore, to the best of our knowledge, this work represents the first investigation of

SSSA on CFAD, and therefore no existing benchmarks are available for direct compari-

son. To facilitate a meaningful evaluation, we reimplement several SOTA methods orig-

inally proposed for SSSA and SSD and compare them against our approach. We adopt

MiO Phukan et al. (2024a) (Chapter 5), our SOTA framework for SSD that combines

multiple PTM representations, and implement it using Whisper and x-vector represen-
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tations, which constitute the best-performing PTM pair in our experiments. For SSSA,

we reimplement AASIST Jung et al. (2022) as the downstream model with Wav2Vec2

representations, following the setup described in Klein et al. 2024. Table 6.3 presents a

comparative evaluation between the proposed method and these SOTA baselines. Our

results show that FINDER consistently outperforms both of these methods, achieving

SOTA performance and demonstrating its effectiveness for SSSA.

Statistical Significance: The statistical significance of the observed performance im-

provements was evaluated using paired McNemar’s tests on identical test sets from

ASV and CFAD. Pairwise comparisons between FINDER (Whisper + x-vector) and

the strongest concatenation-based (Whisper + x-vector) baseline resulted in p-values of

0.00057 (ASV) and 0.00782 (CFAD), respectively. Since both values are below the con-

ventional significance threshold of 0.05, the observed improvements can be considered

statistically significant.

6.2 COFFE

In this section, we present the background and motivation for SSSA in the edge case

when exposed to singing voice, emphasizing the heightened variability in pitch, timbre,

and expressive dynamics that make synthetic singing voice particularly challenging than

conventional synthetic speech. We present the background and motivation and establish

the task of singing voice SSSA, which we term it as SVSSSA throughout this section

for convenience. We then introduce COFFE Phukan et al. (2025c), a Divergence Guided

Aligment framework that leverages chernoff distance, thereby enhancing performance

in SVSSA.

6.2.1 Background and Motivation

“Imagine discovering a new song by your favorite artist, only to realize they never

recorded it.” With the rapid advancement of generative technologies, this scenario is

no longer speculative. Synthetic singing voice have reached a level of realism where

an artist’s vocal timbre can be convincingly replicated, seamlessly blending speech ar-

ticulation with musical tonality Zang et al. (2024b). While such developments expand

74



the boundaries of creative expression, they simultaneously raise serious concerns re-

garding authenticity, intellectual property protection, and the ethical use of AI in music

generation. As synthesis techniques continue to advance, the challenge extends beyond

simple detection—establishing the attribution of synthetic singing voice has become

a critical requirement. Accurately tracing the origins of synthetic singing voice is es-

sential for preserving artistic integrity and preventing misuse; however, this problem re-

mains largely unexplored within the domain of synthetic speech forensics. While signif-

icant progress has been made in synthetic singing voice detection Zang et al. (2024b,a);

Zhang et al. (2024d), the equally important problem of source attribution—identifying

the specific model responsible for generating a deepfake—remains largely unexplored.

In this work, we extend the concept of SSSA introduced in Chapter 6 (FINDER) to

the domain of singing voice and formalize a new task, SVSSSA. Unlike conventional

synthetic speech or singing voice detection, which focuses solely on classifying an au-

dio sample as real or synthetic, SVSSSA aims to trace the origin of synthetic singing

voice, thereby uncovering the underlying generative process. SSSA has attracted grow-

ing attention in recent years Yan et al. (2022b); Zhang et al. (2024a); however, analo-

gous efforts for singing voice remain sparse. Early work by Müller et al. Müller et al.

(2022b) employed RNN-based models to characterize signatures of seen and unseen

synthetic speech sources. More recently, Klein et al. Klein et al. (2024) and Bhagtani et

al. Bhagtani et al. (2024) demonstrated the effectiveness of SOTA speech PTMs, such as

Wav2Vec2 and Whisper, for SSSA. These PTMs have since been widely adopted across

related tasks, including our SSD work Phukan et al. (2024a) and synthetic singing voice

detection Chen et al. (2024).

As the first study on SVSSSA, we explore a diverse set of PTMs and hypothesize

that multimodal PTMs, such as IB and LB, are particularly well suited for this task.

Their cross-modal pretraining enables the learning of rich and complementary repre-

sentations, making them effective at capturing subtle, source-specific characteristics in

synthetic singing voice, including timbral cues, pitch variability, and synthesis artifacts.

To validate this hypothesis, we conduct a large-scale comparative evaluation involving

multimodal PTMs, speech PTMs, and music PTMs. The inclusion of speech and music

PTMs is motivated by prior synthetic singing voice detection studies that have demon-

strated their effectiveness Zang et al. (2024b); Zhang et al. (2024d). Furthermore,

inspired by our prior works in SSD Phukan et al. (2024a) and SSSA Chetia Phukan
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et al. (2025) which show that fusing heterogeneous PTM representations can exploit

complementary behaviors and yield improved performance, we also investigate PTMs

fusion for SVSSSA. Additionally, improvement in performance due to fusion of PTM

representations is also shown across tasks such as speech recognition Arunkumar et al.

(2022), and synthetic singing voice detection Chen et al. (2024); Guragain et al. (2024).

As such, to this end, we propose COFFE (Fusion via ChernOFF DistancE), a novel

framework that leverages chernoff distance (CD) as a loss function to align PTM rep-

resentations within a shared feature space. Through the fusion of LB and IB using

COFFE, we achieve the best overall performance, surpassing individual PTMs, base-

line fusion strategies, and establishing new SOTA results on benchmark dataset for

SVSSSA. Following the fusion paradigms introduced in Chapter 4 (MATA), Chapter 5

(MiO and SCAR), and Chapter 6(FINDER), this section adopts a consistent methodolog-

ical framework. We first identify the most suitable PTMs for the downstream SVSSSA

task and subsequently design a tailored fusion strategy to further enhance performance.

The key contributions are as follows:

• We introduce SVSSSA, a novel task that focuses on tracing the generative origins
of synthetic singing voices extending conventional SSSA.

• We demonstrate that multimodal PTMs outperform unimodal speech and music
PTMs for SVSSSA, owing to their multimodal pre-training.

• We propose COFFE, a novel fusion framework that leverages CD as an alignment
loss. The fusion of LB and IB using COFFE yields the highest performance
compared to individual PTMs and baseline fusion methods.

• We introduce the first comprehensive benchmark for SVSSSA.

6.2.2 Modeling

Modeling with Individual PTM representations: We employ two downstream archi-

tectures for modeling individual FM representations: FCN and CNN. The CNN archi-

tecture comprises of two 1D convolutional layers with 64 and 128 filters, respectively,

each using a kernel size of 3 and followed by max-pooling layers with a pool size of

2. The resulting feature maps are flattened and fed into an FCN block consisting of a

dense layer with 128 neurons. The final output layer contains 8 neurons with a softmax

activation function, producing probability estimates over the source classes. The FCN-

76



Figure 6.4: COFEE: FM denotes a PTM, and CD represents the chernoff distance. LCD,
LCE , and L correspond to the chernoff distance loss, cross-entropy loss, and
total loss, respectively.

based model follows the same architectural configuration as the FCN block used in the

CNN.

COFFE: Framework: We propose COFFE, a novel framework for the fusion of rep-

resentations from heterogeneous PTMs. The overall architecture is illustrated in Fig-

ure 6.4. Representations extracted from each PTM are first processed through two con-

volutional blocks identical to those used for modeling individual PTMs, each consisting

of 1D convolutional layers followed by max-pooling operations. The resulting feature

maps are then flattened. To align the representation spaces of heterogeneous PTMs, we

employ CD Peng and Seetharaman (2012) as a novel divergence-based loss function.

CD is particularly effective for minimizing the separability between feature distribu-

tions, thereby encouraging the PTM representations to converge toward a shared em-

bedding space. Let u and v denote the feature distributions obtained from two PTM

branches. The CD between these representations is defined as:
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LCD = − log
(∑

k(uk)
ρ(vk)

1−ρ
)
, (6.3)

where ρ ∈ (0, 1) controls the relative contribution of each PTM. A larger value of LCD

corresponds to greater separability between the representations; therefore, the objective

is to minimize this loss to achieve effective alignment. The features are then concate-

nated and passed through a fully connected block comprising a dense layer with 128

neurons, followed by an output layer with 8 neurons corresponding to the synthetic

singing voice source classes. The final training objective jointly optimizes the classifi-

cation and alignment objectives and is defined as:

Ltotal = LCE + γLCD, (6.4)

where LCE denotes the cross-entropy loss, LCD is the CD loss, and γ is a weighting

hyperparameter that balances the two objectives. The total number of trainable param-

eters in the proposed framework ranges from approximately 3M to 8M, depending on

the dimensionality of the PTM representations.

6.2.3 Experiments

Pre-Trained Models: We employ LB and IB as multimodal PTMs. The speech PTMs

include Unispeech-SAT, Wav2Vec2, WavLM, Whisper, XLS-R, x-vector, MMS, and

HuBERT. For music PTMs, we use music2vec-v1, MERT-v1-95M, MERT-v0-public,

MERT-v1-330M, and MERT-v0.

Dataset: We use CtrSVDD dataset for our experiments. Detail information is given in

Chapter 3. The dataset has provided the official training, development, and evaluation

partitions. As the training and development sets contain samples generated by the same

systems (A01–A08), we utilize these splits for training and evaluating our models for

SVSSSA.

Training and Hyperparameter Details: All models are trained for 50 epochs using

the Adam optimizer with cross-entropy loss and a learning rate of 1e-3. Dropout is

applied to mitigate overfitting. For experiments with COFFE, the hyperparameters s
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PTM FCN CNN

Acc ↑ F1 ↑ EER ↓ Acc ↑ F1 ↑ EER ↓

UNI 45.56 42.22 22.25 48.76 46.56 18.95
W2V 59.17 52.12 17.12 64.03 57.90 13.66
WLM 35.22 31.26 27.87 38.96 36.91 20.18
XLR 74.90 64.03 10.85 77.51 69.73 8.73
WSR 67.92 64.69 12.32 72.65 65.11 10.70
MMS 76.36 67.56 8.97 80.41 76.83 7.31
XVC 63.48 61.17 13.04 66.52 63.95 12.32
LB 79.69 77.26 6.98 82.37 79.80 5.35
IB 78.50 74.41 7.54 81.92 77.90 6.19
Mv1 40.87 37.02 25.72 47.13 42.98 19.79
M95 47.95 45.12 21.44 50.48 47.85 18.71
Mpub 53.03 47.19 19.52 55.66 52.49 17.77
M330 58.64 54.93 15.95 67.96 63.88 12.19
Mv0 45.47 42.81 24.58 48.55 45.53 19.65

Table 6.4: Evaluation scores for different PTMs. Abbreviations: UNI—Unispeech-
SAT, W2V—Wav2vec2, WLM—WavLM, XLR—XLS-R, WSR—Whisper,
XVC—x-vector, Mv1—music2vec-v1, M95—MERT-v1-95M,
Mpub—MERT-v0-public, M330—MERT-v1-330M, and Mv0—MERT-v0.
All scores are reported in percentage (%). The same abbreviations are used
in Tables 6.5 and 6.6.

and λ are set to 0.3 and 0.1, respectively, based on preliminary experiments.

Experimental Results: Although the dataset used in this study does not explicitly con-

tain musical accompaniments, we include music PTMs in our evaluation, motivated

by the intuition that their pre-training on musical data may enable them to implicitly

capture rhythmic and temporal patterns inherent to singing voice. Such characteristics

could be beneficial for SVSSSA. Table 6.4 reports the performance of downstream mod-

els trained using individual PTMs for SVSSSA. We evaluate the models using accuracy,

F1-score, and EER. Accuracy is particularly well suited for source attribution tasks, as

demonstrated by prior SSSA study Klein et al. (2024), including our own analysis in

Chapter 6 (FINDER). We additionally report EER, which is a standard metric in syn-

thetic singing voice detection and broader SSD tasks Zang et al. (2024b); Phukan et al.

(2024a). For EER, we present average one-vs-all scores. The results show that multi-

modal PTMs consistently outperform both speech and music PTMs across all evalua-

tion metrics. These findings validate our hypothesis that multimodal PTMs are particu-

larly effective for SVSSSA due to their cross-modal pre-training, which enables them to

capture fine-grained, source-specific characteristics—such as timbral cues, pitch vari-
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Concatenation COFFE

Combinations ACC ↑ F1 ↑ EER ↓ ACC ↑ F1 ↑ EER ↓

UNI + W2V 61.78 54.02 17.13 62.36 61.96 15.20
UNI + WLM 52.33 44.28 23.11 54.96 53.61 19.63
UNI + XLR 74.60 61.24 11.97 72.31 78.50 7.39
UNI + WSR 68.49 62.67 13.04 73.18 71.37 9.62
UNI + MMS 73.23 68.49 9.16 73.31 78.22 7.94
UNI + XVC 65.89 58.65 11.80 67.34 66.34 8.61
UNI + LB 78.86 74.00 8.22 80.91 79.36 5.34
UNI + IB 72.10 57.77 12.65 76.36 74.36 10.37
UNI + Mv1 59.28 52.29 19.09 47.13 42.98 16.43
UNI + M95 63.64 57.26 16.69 68.36 67.63 11.91
UNI + Mpub 62.83 55.81 14.97 66.95 65.09 9.33
UNI + M330 66.74 60.54 13.63 71.69 70.34 11.53
UNI + Mv0 60.91 53.86 18.35 63.85 62.31 13.31
W2V + WLM 60.06 52.18 16.35 65.85 63.29 11.61
W2V + XLR 73.05 65.89 10.13 74.31 73.35 6.39
W2V + WSR 71.24 65.52 11.75 73.36 72.39 9.32
W2V + MMS 71.78 62.73 10.58 74.62 71.59 8.62
W2V + XVC 68.15 57.41 12.65 75.35 72.64 10.37
W2V + LB 77.02 72.36 9.54 81.36 80.91 6.32
W2V + IB 71.48 58.20 12.14 76.61 75.30 9.33
W2V + Mv1 60.23 50.59 17.23 62.93 61.39 13.96
W2V + M95 63.46 54.13 16.79 65.23 64.94 10.63
W2V + Mpub 62.51 52.15 16.52 64.36 63.96 11.91
W2V + M330 64.98 55.19 15.01 67.96 66.11 9.61
W2V + Mv0 61.38 51.19 17.13 63.31 62.96 12.33
WLM + XLR 73.00 59.27 11.06 75.66 74.31 6.97
WLM + WSR 67.81 60.31 12.87 69.34 68.36 8.63
WLM + MMS 75.87 66.99 10.34 76.93 77.23 10.01
WLM + XVC 65.41 58.69 12.16 66.31 64.96 8.19
WLM + LB 78.48 73.50 8.58 81.63 80.14 8.13
WLM + IB 69.41 59.61 9.98 78.54 70.13 8.64
WLM + Mv1 54.19 47.05 22.41 56.96 55.14 19.17
WLM + M95 58.18 50.63 18.84 61.08 60.31 16.42
WLM + Mpub 58.34 49.78 16.92 60.27 52.67 16.17
WLM + M330 63.42 57.45 14.54 65.63 64.49 11.16
WLM + Mv0 56.46 49.49 20.31 59.61 58.31 16.37
XLR + WSR 79.41 68.59 7.80 82.64 81.37 6.09
XLR + MMS 76.56 67.21 8.42 78.34 77.31 8.09
XLR + XVC 78.56 73.96 10.36 81.61 80.67 8.63
XLR + LB 77.80 72.40 8.08 79.38 77.31 8.31
XLR + IB 78.94 73.50 10.06 80.37 79.09 10.03
XLR + Mv1 74.07 66.53 11.16 74.93 73.52 8.34
XLR + M95 75.04 60.03 10.58 77.31 75.99 9.06
XLR + Mpub 76.11 66.09 9.61 78.05 74.70 8.20
XLR + M330 75.36 65.91 12.29 76.89 75.47 11.37
XLR + Mv0 71.36 61.11 11.04 72.89 71.67 9.53

Table 6.5: Evaluation scores for different PTM combinations using feature concatena-
tion and COFFE.
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Concatenation COFFE

Combinations ACC ↑ F1 ↑ EER ↓ ACC ↑ F1 ↑ EER ↓

WSR + MMS 77.62 70.21 8.24 81.64 80.34 6.32
WSR + XVC 73.56 71.69 10.96 75.28 74.31 8.94
WSR + LB 78.64 74.07 8.36 81.39 80.31 6.17
WSR + IB 72.38 68.88 10.87 76.64 75.13 9.84
WSR + Mv1 69.78 64.32 12.75 71.18 70.61 9.49
WSR + M95 69.27 64.83 11.57 72.58 71.23 9.82
WSR + Mpub 70.48 65.90 12.08 72.71 69.57 11.80
WSR + M330 71.77 67.33 11.40 74.56 73.64 8.26
WSR + Mv0 69.71 64.42 12.72 73.64 72.54 10.67
MMS + XVC 76.54 71.35 10.31 77.96 76.68 8.22
MMS + LB 79.05 75.43 9.75 83.68 82.27 9.35
MMS + IB 76.59 71.38 10.06 78.34 76.13 9.08
MMS + Mv1 74.30 70.67 9.87 76.34 74.46 9.03
MMS + M95 72.98 63.75 9.57 75.38 74.49 9.64
MMS + Mpub 76.13 67.10 8.82 78.93 77.08 7.51
MMS + M330 75.56 70.77 8.98 77.34 76.31 7.34
MMS + Mv0 74.25 68.40 11.95 76.68 75.39 10.62
XVC + LB 82.02 80.15 6.54 83.64 82.66 4.67
XVC + IB 75.89 68.45 11.65 77.63 75.58 9.85
XVC + Mv1 65.23 63.56 14.63 67.73 66.69 11.63
XVC + M95 64.23 57.88 12.36 66.38 65.59 10.16
XVC + Mpub 61.35 57.46 11.36 63.28 61.03 9.34
XVC + M330 64.65 58.98 13.65 66.37 64.49 11.44
XVC + Mv0 59.63 55.41 11.65 62.38 60.34 10.74
LB + IB 89.62 83.88 3.75 91.16 90.03 3.63
LB + Mv1 77.60 72.30 8.91 78.63 77.62 8.03
LB + M95 77.70 77.20 8.65 80.37 78.86 7.39
LB + Mpub 77.63 72.88 9.20 79.78 76.62 8.33
LB + M330 80.40 77.59 7.63 82.29 81.17 7.39
LB + Mv0 79.06 75.84 8.04 82.23 81.18 7.93
IBD + Mv1 68.06 55.21 13.22 71.94 68.83 11.38
IB + M95 72.49 71.56 14.38 73.94 71.28 11.07
IB + Mpub 71.47 57.79 16.02 72.29 71.13 13.03
IB + M330 69.95 57.57 15.48 74.24 71.16 12.92
IB + Mv0 68.53 58.68 14.89 70.38 70.08 9.36
Mv1 + M95 57.94 51.52 19.77 61.93 58.39 12.83
Mv1 + Mpub 57.57 49.67 18.17 59.93 58.81 13.93
Mv1 + M330 62.89 57.46 13.25 63.49 63.02 11.52
Mv1 + Mv0 53.54 46.78 22.63 56.67 55.37 10.34
M95 + Mpub 59.77 53.01 19.51 62.64 59.89 16.51
M95 + M330 60.17 59.09 15.12 63.38 62.97 11.09
M95 + Mv0 57.39 51.06 19.84 59.96 58.64 13.81
Mpub + M330 63.20 56.66 14.60 66.33 64.85 9.57
Mpub + Mv0 57.65 49.43 18.30 59.29 56.73 13.38
M330 + Mv0 61.06 54.20 16.02 64.34 63.08 9.38

Table 6.6: Evaluation scores for different PTM combinations using feature concatena-
tion and COFFE. All metrics are reported in percentage (%). This Table is
continuation of Table 6.5, as due to space constraint, it couldn’t be fitted
within single page limit.
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ability, and synthesis artifacts. Among the multimodal PTMs, LB and IB achieve the

strongest performance with both FCN and CNN downstream architectures. Overall,

CNN-based models consistently outperform their FCN counterparts across most PTMs.

Following multimodal PTMs, multilingual speech PTMs demonstrate the second-best

performance. This behavior can be attributed to their exposure to diverse language

speech data during pre-training, which is particularly relevant given that the dataset

used in this study contains singing voices in Chinese and Japanese. In contrast, mono-

lingual speech PTMs—such as WavLM, Unispeech-SAT, and Wav2Vec2—exhibit infe-

rior performance, likely due to the mismatch between their pre-training languages and

the downstream data distribution. Music PTMs report the lowest performance overall,

indicating limited effectiveness in capturing source-specific characteristics required for

SVSSSA. An interesting observation is the strong performance of x-vector, a compar-

atively lightweight speech PTM trained for speaker recognition. Despite its smaller

model size, x-vector outperforms both monolingual speech and music PTMs, suggest-

ing that its speaker-discriminative pre-training objective equips it with an enhanced abil-

ity to model source-specific traits relevant for attribution. To further analyze the learned

representations, we visualize the raw PTM representations using t-SNE, as shown in

Figure 6.5. These visualizations reveal more distinct clustering of source classes for

multimodal PTMs, providing qualitative support for our hypothesis and supporting the

quantitative results.

Table 6.5 and 6.6 summarizes the evaluation results obtained using different com-

binations of PTMs. We adopt a concatenation-based fusion strategy as the baseline.

To ensure a fair comparison, the baseline follows the same architectural design and

training configuration as COFFE, with the only difference being the exclusion of the

CD loss. Overall, the results indicate that PTM fusion using COFFE consistently out-

performs the baseline concatenation-based fusion approach. In particular, fusing the

multimodal PTMs LB and IB using COFFE yields the best performance across all eval-

uated PTM combinations, as well as outperforming models based on individual PTMs.

This highlights the ability of COFFE to effectively exploit the complementary strengths

of multimodal PTMs. Furthermore, the confusion matrices shown in Figure 6.6 provide

additional qualitative evidence of this improvement, illustrating enhanced classification

accuracy when using COFFE with LB–IB fusion, compared to using LB alone with a

CNN downstream. Finally, the results presented in this work establish a strong bench-
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(a) (b)

(c) (d)

Figure 6.5: t-SNE visualizations- (a) XLS-R (b) MERT-v1-330M (c) LB (d) IB

(a) (b)

Figure 6.6: Confusion matrices: (a) COFFE (LB + IB), (b) CNN (LB). The x-axis
shows predicted values, and the y-axis shows true values.

mark for future research on SVSSSA.

Statistical Significance: The statistical significance of the reported improvements was

assessed using paired McNemar’s tests on identical test set. Comparing COFFE (LB

+ IB) against the strongest concatenation-based ((LB + IB) baseline yielded p-value of

0.00298 indicating that the observed gains are statistically significant at the 0.05 level.
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6.2.4 Chapter Summary

This chapter examined representation fusion from the perspective of statistical align-

ment of PTMs internal representation distributions, in contrast to the geometric and

interaction-based paradigms explored in earlier chapters. Through RD (FINDER) and

CD (COFFE), we demonstrated that explicitly aligning the distributions of heteroge-

neous PTMs representational space leads to substantial gains in SSSA including the

scenario of synthetic singing voice (SVSSSA). By encouraging representations to con-

verge in a shared statistical space, Divergence Guided Alignment provides a flexi-

ble, principled mechanism for enabling PTMs to speak a common statistical language.

Viewed alongside Chapter 4 and Chapter 5, this chapter completes a cohesive triad of

fusion principles—geometry, interaction, and divergence. Each paradigm offers a dis-

tinct and complementary starting point for achieving proximal interpolative alignment,

collectively forming a unified foundation for designing effective fusion strategies for

improved affective and secure VIS.
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CHAPTER 7

Hybrid Alignment: Combination of Interaction Guided

with Geometry Guided alignment

Chapter 5 demonstrated that Interaction Guided Alignment mechanisms such as bilin-

ear pooling and nested cross-attention—are effective for modeling complementary re-

lationships between heterogeneous PTM representations. Separately, Geometry Guided

Alignment methods have proven valuable by embedding PTM representations into struc-

tured geometric spaces. While interaction mechanisms capture fine-grained, instance-

level dependencies between representations, geometric alignment enforces global struc-

tural consistency across embedding spaces; their combination enables both local rela-

tional modeling and global representational harmonization, leading to improved down-

stream performance. Building on insights from these earlier chapters, this Chapter in-

troduces PARROT Phukan et al. (2025b), a Hybrid Alignment framework for SER that

unifies Interaction Guided Alignment with Geometry Guided Alignment. While prior

chapters has primarily focused on fusing transformer-based PTMs representations, our

exploration extends this space by integrating representations from mamba-based PTMs

with transformer-based PTMs, uncovering complementary behaviors arising from their

distinct architectural differences. We begin by presenting the background and motiva-

tion for fusing PTMs of varied architectures, followed by a detailed explanation of the

PARROT framework for more effective SER.

7.1 PARROT

7.1.1 Background and Motivation

From the beginning of this decade, the field of SER underwent a major shift with the rise

and widespread accessibility of self-supervised learning PTMs wen Yang et al. (2021).

These models, trained on vast and diverse speech corpora, not only deliver substantial

performance improvements but also eliminate the need to build systems entirely from

scratch. Their introduction has accelerated progress in SER, motivating researchers to



examine a variety of SOTA PTMs Yang (2023); Atmaja and Sasou (2022); Osman et al.

(2024). For example, Pepino et al. Pepino et al. (2021) demonstrated the effectiveness

of Wav2vec2 paired with LSTM and CNN classifiers, outperforming traditional feature

sets such as eGeMAPS and spectrogram-based inputs. Similarly, Morais et al. Morais

et al. (2022) provided an extensive comparison of PTMs like Wav2vec2 and HuBERT

combined with different downstream networks. Notably, most of these PTMs are built

on transformer-driven architectures, which are particularly strong at modeling contex-

tual cues in speech signal.

More recently, a different class of PTMs has gained momentum within the speech

community: mamba-based PTMsYadav and Tan (2024); Erol et al. (2024); Shams et al.

(2024). Built on the structured state-space model (SSM) architecture, mamba offers an

appealing alternative to transformers by capturing long-range dependencies with linear

computational complexity Gu and Dao (2023). Early studies show that PTMs derived

from this architecture achieve strong results on a range of sequence modeling tasks, and

emerging evidence indicates that they can match—or in some cases outperform—their

transformer-based counterparts for SER Yadav and Tan (2024). In parallel, earlier re-

search has shown that combining PTMs representations has been advantageous for SER

Wu et al. (2023a), likely because different PTMs encode complementary aspects of

the speech signal. Similar benefits of fusion have also been observed in related do-

mains such as automatic speech recognition Arunkumar et al. (2022) and SSD Phukan

et al. (2024a). However, existing fusion strategies have almost exclusively focused on

transformer-based PTMs.

In this work, we explore the fusion of mamba-based and transformer-based PTMs

for SER, motivated by the idea that these architectures capture complementary aspects

of the speech signal. Specifically, we hypothesize that combining them can produce

richer and more resilient representations: transformers are well suited for modeling

complex global dependencies, whereas mamba-based models handle long-range pat-

terns with computational efficiency. To the best of our knowledge, this is the first at-

tempt to fuse such architecturally diverse PTMs for SER. To this end, we introduce

PARROT (PARallel BRanch Hadamard Optimal Transport), a novel fusion framework

designed for fusing these heterogeneous PTM representations. PARROT uses a dual-

branch structure: one branch applies the hadamard product to capture fine-grained,

element-wise interactions Interaction Guided Alignment) between the two PTMs, while
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the second branch employs optimal transport to align their feature distributions at a

global level (Geometry Guided Alignment). Together, these mechanisms yield a fused

representation that is both locally sensitive and globally coherent, ultimately enhancing

SER performance.

The main contributions are:

• We present PARROT, a novel fusion framework built on a dual-branch design
that combines a hadamard product with optimal-transport, enabling it to jointly
capture fine-grained local relationships and broader global structure for improved
SER performance.

• Using PARROT with combination of mamba- and transformer-based PTMs deliv-
ers the topmost results across multiple SER benchmarks—CREMA-D (English),
Emo-DB (German), and MESD (Mexican Spanish). It surpasses the performance
of each individual PTM as well as the fusion of only transformer-based PTMs and
baseline fusion techniques. Since the individual PTMs involved already represent
SOTA for SER, the gains achieved by PARROT establish it as new SOTA.

O T
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Figure 7.1: Proposed framework: PARROT. OTFB and HPFB denote the Optimal
Transport Fusion Block and Hadamard Product Fusion Block, respectively.
U11 and U22 represent the feature spaces of PTM 1 and PTM 2, while U12

and U21 correspond to the transported feature spaces from PTM 2 to PTM
1 and from PTM 1 to PTM 2, respectively.
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7.1.2 PARROT: Framework

We propose PARROT, a novel framework for integrating heterogeneous PTM represen-

tations. The overall architecture is illustrated in Figure 7.1. The representations ex-

tracted from the two PTMs are first passed through identical stacks of 1D convolutional

blocks (using the same filter settings as in the Experiments: Modeling with Individual

PTM representations below). After flattening, both outputs are linearly projected into

a 120-dimensional latent space. PARROT introduces a dual-branch fusion module that

jointly models local interactions using hadamard product and global alignment using

optimal transport between the PTMs. Let the projected representations be denoted by

A and B. To capture fine-grained local interactions, we compute an element-wise in-

teraction: H = A ⊙ B where ⊙ denotes hadamard product. Although this preserves

detailed structural relationships, it does not guarantee global compatibility between A

and B. To capture the global interaction, optimal transport comes to picture. Firstly, a

normalized euclidean cost matrix D is constructed as:

D =
∥A−B∥2

max(∥A−B∥2)
.

The transport plan T is then computed using the sinkhorn algorithm: T = Sinkhorn(D).

Using T, each representation is transported into the other’s geometric structure:

A′ = TA, B′ = T⊤B.

The transported and original features are concatenated to form:

UA = Concat(A′, A), UB = Concat(B′, B)

The outputs are merged into the final fused feature:

U = Concat(UA, UB)

Finally, the outputs of both the parallel branches are concatenated and passed through a

FCN with a 128-unit dense layer followed by the output layer with softmax activation
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function. This design allows PARROT to retain local structure while ensuring global

distributional alignment across PTMs. Depending on the representation-dimension of

PTMs pair used, the number of trainable parameters in PARROT ranges from approxi-

mately 3.2M to 13M.

PTMs CREMA-D Emo-DB MESD

Acc F1 Acc F1 Acc F1

SVM

A(T) 60.96 59.85 68.96 68.10 70.96 69.63
A(S) 68.96 67.10 78.96 77.65 71.63 70.85
A(B) 66.99 65.25 81.65 80.94 75.69 74.62
WLM 61.92 60.36 85.09 84.63 45.96 44.12
HBT 64.25 63.98 86.16 85.31 60.94 59.76
W2V 59.86 58.23 86.31 85.93 61.37 60.88
UNI 62.93 61.09 77.69 76.38 33.95 32.16
MMS 66.94 65.28 70.11 69.89 81.03 80.07

FCN

A(T) 62.96 61.85 70.96 69.36 72.96 71.85
A(S) 69.52 68.20 80.66 79.63 76.93 75.11
A(B) 68.41 67.11 83.63 82.89 77.92 76.13
WLM 62.96 61.08 87.85 86.36 47.98 46.21
HBT 66.29 65.85 87.33 86.21 61.20 60.96
W2V 61.01 60.36 88.63 87.03 62.78 61.96
UNI 64.82 63.33 79.65 78.51 36.96 35.21
MMS 67.52 66.36 71.39 70.88 82.66 81.39

CNN

A(T) 63.60 63.60 71.03 70.14 73.99 73.93
A(S) 69.51 69.49 81.31 79.27 78.61 78.53
A(B) 69.91 69.90 84.11 82.90 78.03 77.96
WLM 67.96 66.25 89.14 88.69 48.55 48.16
HBT 69.95 68.23 88.26 87.11 62.43 62.43
W2V 61.18 60.88 90.01 89.62 63.01 63.24
UNI 65.28 64.11 81.36 80.96 38.15 37.91
MMS 68.25 67.96 72.90 66.24 83.24 83.10

Table 7.1: Evaluation scores on CREMA-D, Emo-DB, and MESD. All scores are re-
ported in percentage (%) and averaged over five folds. Abbreviations:
Audio-Mamba variants—Tiny (A(T)), Small (A(S)), and Base (A(B));
WLM—WavLM; HBT—HuBERT; W2V—Wav2vec2; UNI—Unispeech-
SAT. Acc and F1 denote Accuracy and macro-average F1, respectively. The
same abbreviation scheme used in Table 7.1 is consistently maintained in Ta-
ble 7.2.

7.1.3 Experiments

Modeling with Individual PTM Representations: We outline the downstream mod-

eling architectures used with the individual PTMs, as well as those integrated within the

proposed alignment framework, PARROT. For standalone PTM evaluation, we employ

three classifier types: SVM, FCN, and CNN. The SVM is used with its default parame-
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CREMA-D Emo-DB MESD

Concatenation PARROT Concatenation PARROT Concatenation PARROT

Fusion Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

A(T)+WLM 63.37 62.89 64.38 63.38 76.96 75.61 78.69 77.25 44.38 43.81 46.85 45.28
A(T)+HBT 65.54 64.86 66.82 65.76 76.28 75.58 77.62 76.28 44.85 43.38 45.28 44.39
A(T)+W2V 60.03 59.94 61.76 60.58 75.14 74.61 76.93 75.58 45.03 44.97 46.92 45.22
A(T)+UNI 62.56 61.14 63.94 62.28 74.94 73.39 75.58 75.16 44.34 43.08 45.34 44.28
A(T)+MMS 62.95 61.59 63.86 62.47 76.85 75.28 77.78 76.94 45.37 44.65 46.39 45.80
A(S)+WLM 63.48 62.94 64.45 63.94 77.26 76.18 79.54 78.51 46.88 45.82 47.58 46.64
A(S)+HBT 62.14 61.19 63.68 62.24 77.36 76.52 78.82 77.34 45.28 44.28 46.62 45.82
A(S)+W2V 61.94 60.68 62.34 61.58 76.95 75.28 77.98 76.25 46.82 45.25 47.68 46.62
A(S)+UNI 61.64 60.17 62.84 61.34 75.82 74.36 76.52 75.94 44.29 43.57 46.94 45.82
A(S)+MMS 63.13 62.29 64.86 63.34 74.22 73.58 75.36 74.15 46.82 45.28 48.96 47.28
A(B)+WLM 63.96 62.10 67.56 67.44 79.41 78.64 80.37 78.56 47.31 46.85 49.13 48.87
A(B)+HBT 70.63 69.79 73.68 72.90 89.92 88.24 92.24 91.53 58.31 56.08 59.54 58.94
A(B)+W2V 69.96 69.21 71.98 70.94 88.94 87.64 89.44 88.57 56.37 55.39 57.23 56.64
A(B)+UNI 61.27 60.96 62.53 62.75 73.46 72.68 74.77 73.17 37.91 36.49 38.15 36.77
A(B)+MMS 61.25 60.97 63.26 63.24 65.96 64.05 66.36 57.29 66.37 65.28 69.05 68.72
WLM+HBT 68.99 67.64 69.91 69.85 80.96 79.64 81.31 79.90 53.94 52.17 54.34 54.12
WLM+W2V 67.96 66.21 68.30 68.23 86.94 85.61 87.85 87.70 54.96 53.29 55.49 55.14
WLM+UNI 66.93 65.07 67.90 67.71 76.68 75.61 77.57 77.52 48.64 47.34 49.71 49.59
WLM+MMS 65.39 64.07 67.90 67.84 87.96 86.09 88.29 87.54 53.94 52.18 54.34 54.20
HBT+W2V 69.37 68.13 70.52 69.32 77.91 76.63 78.50 76.97 53.94 52.28 54.34 53.47
HBT+UNI 69.58 68.37 70.61 69.51 73.49 72.94 74.77 74.13 57.49 56.19 58.96 58.96
HBT+MMS 69.37 68.96 71.52 70.22 87.91 86.34 88.69 87.33 64.94 63.28 65.32 64.74
W2V+UNI 67.94 66.39 68.96 67.16 75.39 74.17 76.64 76.37 57.19 56.41 58.38 58.51
W2V+MMS 64.19 63.61 65.21 65.01 80.91 79.31 81.52 80.96 72.14 71.39 71.10 70.96
UNI+MMS 68.34 67.36 69.63 67.45 73.91 72.33 74.63 73.93 49.68 48.31 50.29 49.50

Table 7.2: PTMs combinations pairs evaluation scores for CREMA-D, Emo-DB, and
MESD. All scores are reported in percentage (%) and averaged over five
folds.

ter configuration. The CNN-based downstream consists of two 1D convolutional layers

with 64 and 128 filters, respectively, each using a kernel size of 3 and ReLU activation.

Each convolutional layer is followed by a max-pooling operation. The resulting feature

map is flattened and fed into an FCN comprising a dense layer with 128 ReLU-activated

units, followed by a softmax layer for multi-class classification. The FCN-only baseline

adopts the same dense architecture as the FCN block used in the CNN setup.

Pre-Trained Models: We use Audio-Mamba variants — Tiny, Small, and Base; WavLM-

Base; HuBERT; Wav2vec2; Unispeech-SAT; and MMS. The details of the PTMs are

presented in Chapter 2.

Dataset: We use CREMA-D, Emo-DB and MESD datasets in our experiments. The

details are given in Chapter 3.

Experimental Results: Table 7.1 summarizes the performance of each PTM when

paired with different downstream models. Across datasets, CNN-based models gener-

ally deliver the strongest results, surpassing both SVM and FCN counterparts in accu-

racy and macro-F1. FCNs consistently outperform SVMs, further reinforcing the ad-
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vantage of neural downstreams for modeling PTM representations. Within the mamba

family, the base model emerges as the most reliable performer, outperforming the tiny

and small variants on every dataset. Its gains can be attributed to its larger model size,

which allows it to encode richer information crucial for SER. We also observe that

the choice of downstream network noticeably affects performance, an effect previously

noted in the literature Zaiem et al. (2023). For transformer-based PTMs, the results

are more dataset-dependent. Some PTMs excel on particular corpora while lagging on

others, underscoring the impact of dataset characteristics on downstream SER effec-

tiveness. MMS achieves the strongest results on MESD, likely due to its multilingual

pre-training. However, this advantage does not transfer uniformly; despite its broad

linguistic coverage, MMS performs among the weakest models on Emo-DB. Similarly,

most monolingual transformer PTMs underperform on MESD yet show competitive

or superior results relative to mamba PTMs on Emo-DB. Taken together, the findings

reveal that neither mamba-based nor transformer-based PTMs consistently dominate

across datasets.

(a) (b)

Figure 7.2: t-SNE visualizations for CREMA-D: (a) PARROT with Audio-MAMBA
(base) and HuBERT; (b) PARROT with Audio-MAMBA (base) and
Wav2vec2

Table 7.2 summarizes the performance of various combinations of PTMs represe-

nations. As a baseline, we use a simple concatenation-based fusion approach, imple-

mented by removing the hadamard and optimal transport branches from the PARROT

architecture (Figure 7.1) while keeping all other components and training settings iden-

tical for a fair comparison. Across all datasets, PARROT consistently yields higher

accuracy and F1 scores than this concatenation baseline, demonstrating the advantage

of its hybrid interaction–geometry fusion mechanism. Moreover, nearly all PTM com-

binations fused with PARROT outperform their respective individual PTMs, whereas
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(a) (b)

Figure 7.3: Confusion matrices for PARROT with Audio-MAMBA (base) and Hu-
BERT: (a) CREMA-D, (b) EMO-DB. The x-axis and y-axis represent pre-
dicted and true labels, respectivel

concatenation-based fusion often struggles to surpass single-PTM performance. Only

in a few cases—primarily when mamba and transformer-based PTMs naturally com-

plement one another—does simple concatenation offer marginal gains. In contrast,

PARROT brings out this complementary behavior much more effectively. For instance,

the fusion of Audio-Mamba (base) with HuBERT yields the highest scores on both

CREMA-D and Emo-DB, while combining Audio-Mamba (base) with MMS delivers

the best results on MESD. These findings empirically validate our central hypothesis:

heterogeneous fusion of mamba and transformer-based PTMs produces richer and more

robust representations for SER, with transformers capturing global contextual struc-

ture and mamba models excelling at efficient long-range temporal modeling. Overall,

PARROT not only surpasses the best-performing individual PTMs—which previously

represented the SOTA in SER wen Yang et al. (2021); Yadav and Tan (2024)—but also

outperforms most transformer–transformer PTMs fusion and the concatenation base-

line, establishing its effectiveness as new SOTA for SER. Figure 7.2 presents t-SNE

visualizations of penultimate-layer representations, and Figure 7.3 shows the confusion

matrices for the Audio-Mamba (base) + HuBERT combination through PARROT.

Statistical Significance: To assess the statistical reliability of the observed improve-

ments, paired McNemar’s tests were conducted using predictions from the same test

sets across CREMA-D, Emo-DB, and MESD. The resulting p-values were obtained

through pairwise comparisons between the proposed framework (Audio Mamba (Base)

+ HuBERT fused via PARROT) and the strongest competing baseline (Audio Mamba

(Base) + HuBERT fused via Concatenation), with all values remaining below the com-
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monly adopted significance threshold of 0.05 (0.00419 (CREMA-D), 0.00291 (Emo-

DB), 0.00323 (MESD)).

7.2 Chapter Summary

This chapter brought together ideas from the previous fusion families to propose PARROT,

a hybrid framework that combines hadamard product Interaction Guided Alignment)

with optimal-transport (Geometry Guided Alignment). PARROT demonstrates that in-

teraction and geometry are not competing paradigms but complementary components

that, when integrated, can capture deeper representational relationships for improved

affective and secure VIS.
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CHAPTER 8

Conclusions, Future Work and Publications

8.1 Conclusions

We address two challenges of VIS in this thesis: enabling machines to robustly under-

stand human affect and equipping them with the ability to detect and reason about syn-

thetic speech. Recent advances in large-scale speech PTMs have significantly enhanced

performance in both areas. However, these models are inherently heterogeneous, differ-

ing widely in architectural design, training objectives, linguistic coverage, and modality

grounding. As a result, each model encodes a distinct—and often incomplete—view of

the speech signal. As demonstrated throughout this thesis, no single PTM consistently

outperforms others across datasets, languages, acoustic conditions, or adversarial set-

tings. This observation leads to the central question of the work: rather than selecting

or scaling individual PTMs, how can their diversity be systematically leveraged to build

more effective affective and secure VIS.

To answer this question, this thesis introduced Proximal Interpolative Fusion as a

unifying conceptual and methodological framework. At its core, Proximal Interpolative

Fusion reframes fusion not as a post-hoc aggregation step, but as a structured process

that first reduces incompatibility between heterogeneous PTM representations and then

interpolates them into a shared yet expressive fused space. The notion of proximity

emphasizes aligning PTM representations in task-relevant geometric, statistical, or in-

teraction spaces. In contrast, interpolation ensures that fusion preserves complemen-

tary information instead of collapsing diverse inductive biases into a single dominant

representation. This perspective departs fundamentally from naive concatenation or

ensembling and forms the backbone of all fusion strategies proposed in this thesis.

Building on this paradigm, the chapters of the thesis systematically explored three

complementary alignment families, followed by a hybrid formulation that unifies their

strengths. Firstly, Geometry Guided Alignment, we proposed, HYFuse, MATA, MERLINN



that have demonstrated that embedding heterogeneous PTM representations into struc-

tured geometric spaces enables effective fusion when hierarchical structure or distribu-

tional mismatch is prominent. These approaches showed particular strength in SER,

NVER, and special case of SSD when exposed to children’s voice, highlighting the

importance of respecting the latent geometry of representations prior to fusion. Sec-

ondly, within Interaction Guided Alignment, we propose, MiO, SCAR which shows

that modeling explicit cross-representation interactions—via bilinear pooling or nested

cross-attention—are crucial for modeling fine-grained dependencies between PTMs,

especially in SSD scenarios. Complementing these approaches, Divergence Guided

Alignment family (FINDER, COFFE) established that harmonizing the distributional

behavior of PTMs provides a principled mechanism for SSSA tasks.

The final chapter, centered around Hybrid Alignment proposes PARROT which

takes insights from the previous chapters and demonstrating that Interaction Guided

Alignment and Geometry Guided Alignment are not competing paradigms but mutually

reinforcing ones. By combining a hadamard product with optimal transport, PARROT

illustrated how architectural heterogeneity—specifically between transformer-based and

mamba-based PTMs—can be transformed from a liability into a source of strength for

improved SER.

In summary, this thesis demonstrates that embracing PTM heterogeneity through

principled fusion offers a powerful pathway toward more improved affective and secure

VIS. By formalizing Proximal Interpolative Fusion paradigm, this work provides both

conceptual clarity and practical tools for the next generation of affective and secure VIS.

However, a practical consideration arising from this thesis is the computational over-

head associated with fusion of PTMs. While combining multiple PTMs consistently

improves performance and robustness, which remains the primary focus of this thesis,

it also increases model complexity compared to single-PTM VIS. Consequently, practi-

cal VIS deployments must carefully balance the trade-off between accuracy, robustness,

and computational efficiency. Future directions towards improving the deployability of

VIS built on PTMs representations fusion are discussed in Future Works below.

Furthermore, in a practical deployment setting, the affective and secure dimensions

of VIS need not operate as independent components and can instead complement one

another within a unified pipeline. For instance, in a mental healthcare application, in-
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coming speech may first pass through secure VIS modules that verify authenticity and

identify potential generation sources before being processed by affective VIS modules

for emotion understanding and behavioral analysis. Such a pipeline ensures that down-

stream affective reasoning is performed only on trusted speech inputs, thereby improv-

ing the reliability, robustness, and trustworthiness of the overall system.

Takeaway from the thesis: Beyond the individual frameworks proposed in this thesis,

an important outcome of this research is the realization that no single alignment strategy

is universally optimal across all affective and secure VIS tasks. Instead, the effective-

ness of an alignment methodology depends largely on the nature of the heterogeneity

present between the PTMs being fused, as well as the characteristics of the downstream

task. Through the investigations presented in this thesis, it became evident that Ge-

ometry Guided Alignment is particularly effective when the primary challenge arises

from differences in the latent manifold structure of the representations, often stemming

from variations in model architectures, pre-training objectives, or learned information.

In contrast, Interaction Guided Alignment is more suitable when success depends on

capturing fine-grained complementary relationships and dependencies between repre-

sentations. Similarly, Divergence Guided Alignment proves especially beneficial when

the dominant source of incompatibility lies in the distributional characteristics of the

representation spaces. An equally important observation emerging from this thesis is

that these alignment paradigms should not be viewed as competing alternatives. Rather,

they address different forms of representational incompatibility and can often comple-

ment one another. This insight motivated the development of PARROT, where Geom-

etry Guided Alignment and Interaction Guided Alignment were unified within a single

framework. The success of PARROT demonstrates that hybrid alignment strategies can

be particularly advantageous when multiple forms of heterogeneity coexist simultane-

ously within the representations. Consequently, a central takeaway of this thesis is that

the selection of an alignment strategy should be guided by the characteristics of the

representations and the requirements of the downstream task, rather than by a one-size-

fits-all fusion methodology.
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8.2 Future Work

Based on the findings presented in this thesis, several avenues for future research remain

open. These are outlined below:

• Multi-Encoder LALMs: LALMs have shown sufficient development across dif-
ferent speech processing tasks. However, most current LALMs rely on a single
audio encoder, which may limit their ability to capture important acoustic and
paralinguistic cues. As demonstrated throughout this thesis, fusion of multiple
PTMs consistently outperforms individual PTMs across affective and secure VIS
tasks. A natural and promising extension of this work is therefore to integrate
the alignment and fusion strategies proposed in this thesis into LALMs for build-
ing multi-encoder LALMs. Such integration could enable more robust emotion
reasoning and more interactive, human-centered conversational systems.

• Open-Set Models for Secure VIS: MiO has demonstrated strong robustness for
SSD under cross-corpus settings involving different languages, data distributions,
and speech generators, suggesting encouraging generalization capabilities. How-
ever, a key challenge remains for SSSA, where speech generated by previously
unseen generators may appear after deployment. Consequently, future research
should move beyond the conventional closed-set formulation of SSSA and inves-
tigate adaptive and open-set settings. One promising direction is to reformulate
SSSA as a source verification or source parsing problem. In particular, source
parsing would extend the objective beyond identifying known generators by pre-
dicting the parameters of the unseen generators, thereby enabling their attribution
and facilitating forensic tracing even when the generator was not observed during
training.

• Towards Efficient PTM Fusion-based VIS: While fusion of heterogeneous PTMs
representations consistently improves performance across affective and secure
VIS tasks, deploying multiple PTMs simultaneously may increase computational
and deployment costs. Therefore, a promising future direction is to leverage
multi-encoder fusion systems as teacher models and distill their knowledge into
lightweight single-encoder models. Such an approach could retain the perfor-
mance benefits obtained through PTM complementarity while enabling more ef-
ficient and practical deployment of VIS systems.

8.3 Publications

The papers carried out as part of this thesis are outlined as follows (The papers are

ordered in year-wise manner):

• Heterogeneity over Homogeneity: Investigating Multilingual Speech Pre-Trained
Models for Detecting Audio Deepfake, Proc. Annual Conference of the North
American Chapter of the Association for Computational Linguistics (NAACL)
Findings, 2024.
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• Investigating Prosodic Signatures via Speech Pre-Trained Models for Audio Deep-
fake Source Attribution, Proc. 63rd Annual Meeting of the Association for Com-
putational Linguistics (ACL) Findings, 2025.

• Strong Alone, Stronger Together: Synergizing Modality-Binding Foundation Mod-
els with Optimal Transport for Non-Verbal Emotion Recognition, Proc. 50th
IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP),
2025.

• HYFuse: Aligning Heterogeneous Speech Pre-Trained Representations in Hyper-
bolic Space for Speech Emotion Recognition, Proc. 26th Annual Conference of
the International Speech Communication Association (INTERSPEECH), 2025.

• PARROT: Synergizing Mamba and Attention-based SSL Pre-Trained Models via
Parallel Branch Hadamard Optimal Transport for Speech Emotion Recognition,
Proc. 26th Annual Conference of the International Speech Communication As-
sociation ((INTERSPEECH), 2025.

• Towards Source Attribution of Singing Voice Deepfake with Multimodal Founda-
tion Models, Proc. 26th Annual Conference of the International Speech Commu-
nication Association (INTERSPEECH), 2025.

• Are Multimodal Foundation Models All That Is Needed for Emofake Detection?,
Accepted to 17th Asia Pacific Signal and Information Processing Association
Annual Summit and Conference (APSIPA ASC), 2025.

• CodecFake-Kids: Towards Detecting Neural Codec Synthesized Children Voice
Deepfakes, To be submitted to Transactions on Machine Learning Research (TMLR).

Other Works: Additionally, I have also included the titles of additional papers carried

out during my PhD duration. The papers are as follows (The papers are ordered in

year-wise manner):

• Transforming the Embeddings: A Lightweight Technique for Speech Emotion
Recognition Tasks, Proc. 24th Annual Conference of the International Speech
Communication Association (INTERSPEECH), 2023.

• Are Paralinguistic Representations all that is needed for Speech Emotion Recog-
nition?, Proc. 25th Annual Conference of the International Speech Communica-
tion Association (INTERSPEECH), 2024.

• Towards Multilingual Audio-Visual Question Answering, Proc. 25th Annual Con-
ference of the International Speech Communication Association (INTERSPEECH),
2024.

• SONIC: Synergizing Vision Foundation Models for Stress Recognition from ECG
Signals, Proc. 32nd European Signal Processing Conference (EUSIPCO), 2024.

• Whispers of Trauma: Leveraging Social Media for Assessing Mental Health in
Victims of Childhood Sexual Abuse, Proc. 16th International Conference on Ad-
vances in Social Networks Analysis and Mining (ASONAM), 2024.
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• Towards Fusion of Neural Audio Codec-based Representations with Spectral for
Heart Murmur Classification via Bandit-based Cross-Attention Mechanism, Proc.
26th Annual Conference of the International Speech Communication Association
(INTERSPEECH), 2025.

• SNIFR: Boosting Fine-Grained Child Harmful Content Detection Through Audio-
Visual Alignment with Cascaded Cross-Transformer, Proc. 26th Annual Confer-
ence of the International Speech Communication Association (INTERSPEECH),
2025.

• Investigating the Reasonable Effectiveness of Speaker Pre-Trained Models and
Their Synergistic Power for SingMOS Prediction, Proc. 26th Annual Conference
of the International Speech Communication Association (INTERSPEECH), 2025.

• Towards Machine Unlearning for Paralinguistic Speech Processing, Proc. 26th
Annual Conference of the International Speech Communication Association (IN-
TERSPEECH), 2025.

• Are Mamba-based Audio Foundation Models the Best Fit for Non-Verbal Emotion
Recognition?, Proc. 33rd European Signal Processing Conference (EUSIPCO),
2025.

• Source Tracing of Synthetic Speech Systems Through Paralinguistic Pre-Trained
Representations, Proc. 33rd European Signal Processing Conference (EUSIPCO),
2025.

• Rethinking Cross-Corpus Speech Emotion Recognition Benchmarking: Are Par-
alinguistic Pre-Trained Representations Sufficient?, Proc. 17th Asia Pacific Sig-
nal and Information Processing Association Annual Summit and Conference (AP-
SIPA ASC), 2025.

• Beyond Speech and More: Investigating the Emergent Ability of Speech Pre-
Trained Models for Classifying Physiological Time-Series Signals, Proc. 17th
Asia Pacific Signal and Information Processing Association Annual Summit and
Conference (APSIPA ASC), 2025.

• Investigating Polyglot Speech Foundation Models for Learning Collective Emo-
tion from Crowds, Proc. 17th Asia Pacific Signal and Information Processing
Association Annual Summit and Conference (APSIPA ASC), 2025.
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