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Abstract

Speaker representation learning aims to extract compact, discriminative embeddings
that encapsulate unique vocal characteristics regardless of linguistic content or en-
vironmental conditions. The objective is to learn an embedding space with two
key properties: same-class compactness, where embeddings from the same speaker
are closely clustered, and different-class dispersion, where embeddings from different
speakers are well separated. However, existing methods face several challenges. First,
conventional speaker verification methods treat the task as a classification problem,
relying on softmax-based loss functions to maximize inter-class differences. However,
these loss functions often struggle to reduce intra-class variation. Second, directly
applying a pre-trained model to speaker verification can only achieve sub-optimal
performance because the pre-trained model is insufficient for extracting task-specific
features, leading to limited transferability. Full fine-tuning of these models intro-
duces significant computational and storage costs while risking catastrophic forget-
ting. Third, while the pre-trained speech models offer robust feature representations,
their effectiveness relies on an unrealistic assumption: the speaker identity informa-

tion and the linguistic content in the representations can be easily disentangled.

To address these challenges, we propose three key solutions in this thesis. First, we
propose a supervised contrastive learning framework incorporating an additive an-
gular margin to effectively reduce intra-class variation. By maximizing the mutual

information between frame-level features and speaker representations, our method



preserves nonshared speaker information across diverse augmentations. Extensive
evaluations on CN-Celeb, VoxCeleb, and CU-MARVEL datasets demonstrate that the
resulting ECAPA-TDNN embedding space exhibits robust inter-speaker separability
and intra-speaker consistency. Second, we investigate parameter-efficient fine-tuning
strategies for pre-trained Transformer models in speaker verification. By integrat-
ing dynamic prompt tuning—where prompts are clustered based on speaker-specific
traits—and incorporating spectral information into a LoRA-based adaptation pro-
cess, our approach efficiently captures task-relevant features while significantly re-
ducing memory and computational overhead. Third, we introduce a diffusion-based
approach within a variational autoencoder framework to disentangle speaker timbre
from spoken content. Leveraging a conditional diffusion model in the latent space,
our method yields content-invariant speaker embeddings that are resilient to language
mismatches, outperforming traditional sequential VAE techniques. Experiments on
the VoxCeleb and CN-Celeb datasets demonstrate that our method effectively isolates

speaker features from speech content using pre-trained speech representations.
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Chapter 1

Introduction

1.1 Research Background

Speaker representation learning aims to derive compact and discriminative embed-
dings from speech signals, capturing the unique acoustic traits of individuals while en-
suring consistency across varying linguistic content and acoustic environments. This
process involves analyzing vocal patterns and attributes to represent and identify
individual characteristics, forming a cornerstone of modern speech-processing tech-
nologies. The derived representations encapsulate critical information about speaker
identity and vocal features, enabling direct voice-based identification—a capability

with broad implications across multiple domains.

The significance of speaker representation learning extends beyond fundamental speaker
recognition tasks [10, 11, 12, 13, 14], finding applications in diverse areas, including
biometric authentication [15], surveillance systems [16], personalized services [17], and
forensic analysis [18]. Furthermore, its impact spans speaker diarization [19, 20] and
speech generation tasks such as voice cloning [21], text-to-speech synthesis [22], and

voice conversion [23].



Chapter 1. Introduction

The ability to learn and replicate speaker-specific vocal characteristics has revolu-
tionized personalized speech generation, enhancing user experience in virtual assis-
tants and interactive gaming environments. Moreover, voice transformation tech-
niques facilitate speaker anonymization [24, 25| by converting identifiable voices into
pseudo-speaker representations, thereby addressing privacy concerns in data security

applications.

The advent of using deep neural networks as powerful feature extractors has sig-
nificantly advanced representation learning [26], focusing on deriving universal, low-
dimensional features with robust generalization capabilities. The evolution of speaker
modeling has witnessed several milestones, beginning with the d-vector approach [27],
which pioneered neural network-based speaker representation extraction. Subsequent
advancements, including multi-task learning frameworks [28], segmental-level aggre-
gation techniques [29, 30], and end-to-end metric learning [31], gradually shifted the
paradigm from traditional i-vector approaches to the more effective x-vector sys-

tems [32, 33].

The widespread adoption of x-vectors was further accelerated by their integration
into the Kaldi toolkit [34], leading to substantial performance improvements across
standard speaker recognition benchmarks. This breakthrough spurred extensive re-
search into alternative neural architectures [3, 35, 36], innovative training objec-
tives [37, 38, 39, 40], and advanced aggregation methods [37, 41, 42, 43|, culminating
in the current state-of-the-art framework characterized by segment-level training and

margin-based optimization.

As speaker modeling technology continues to evolve, emerging applications present
new challenges in areas such as model robustness, computational efficiency, unsu-
pervised learning, and multimodal fusion. These practical considerations necessitate
careful optimization of representation learning objectives, which can be formalized as

follows:



1.2. Research Contents

1. Discrimination: Representation vectors should maximize inter-class variance,

ensuring distinct embeddings for different speakers.

2. Robustness: Intra-class variance should be minimized, maintaining consistent
representations for the same speaker across varying utterances, environmental

conditions, and channel characteristics.

3. Compactness: The embedding dimensionality should be optimized for com-
putational and storage efficiency while preserving sufficient discriminative in-

formation for accurate identification.

1.2 Research Contents

Contrastive learning across various augmentations of the same utterance can enhance
the speaker representations’ ability to distinguish new speakers. This dissertation
introduces a supervised contrastive learning objective that optimizes a speaker em-
bedding space using label information from training data. Besides augmenting differ-
ent segments of an utterance to form a positive pair, our approach generates multiple
positive pairs by augmenting various utterances from the same speaker. However, em-
ploying contrastive learning for speaker verification presents two challenges: (1) the
softmax loss is ineffective in reducing intra-class variation, and (2) previous research
has shown that contrastive learning can share information across the augmented views
of an object but could discard unshared information, suggesting that it is essential to
keep nonshared speaker information across the augmented views when constructing a
speaker representation space. To overcome the first challenge, we incorporate an ad-
ditive angular margin in the contrastive loss. For the second challenge, we maximize
the mutual information (MI) between the acoustic features and speaker representa-

tions to extract the nonshared information. Evaluations on CN-Celeb, VoxCeleb,

and CU-MARVEL validate that our new learning objective enables ECAPA-TDNN
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to identify an embedding space that exhibits robust speaker discrimination.

Fine-tuning pre-trained Transformer models (PTMs) for speech tasks in a parameter-
efficient fine-tuning (PEFT) optimizes memory usage while leveraging rich represen-
tations from large-scale unlabeled data. Although effective, interconnections between
various PEFT methods are not fully understood. This dissertation analyzes state-
of-the-art PEFT methods and introduces a unified framework to clarify their inter-
relationships. Specifically, we employ a dynamic prompt tuning strategy that selects
optimal prompts from a predefined pool, ensuring each prompt is fine-tuned by its
most closely matched speaker to capture speaker-specific traits. The goal is to cluster
the prompts in the pool according to speaker traits, improving speaker prediction
in the downstream classifier while preserving the flexibility of the pre-trained Trans-
formers. Additionally, we improve existing PEFT techniques by incorporating spec-
tral information from pre-trained weight matrices into the LoRA-based fine-tuning
process. Extensive experiments on VoxCeleb, CNCeleb, and CU-MARVEL demon-
strate that the proposed method offers a memory- and computation-efficient solution

for fine-tuning pre-trained Transformers.

Disentangled speech representation learning for speaker verification aims to separate
spoken content and speaker timbre into distinct representations. However, existing
variational autoencoder (VAE)-based methods for speech disentanglement rely on
latent variables that lack semantic meaning, limiting their effectiveness for speaker
verification. To address this limitation, we propose a diffusion-based method that
disentangles and separates speaker features and speech content in the latent space.
Building upon the VAE framework, we employ a speaker encoder to learn latent
variables representing speaker features while using frame-specific latent variables to
capture content. Unlike previous sequential VAE approaches, our method utilizes a
conditional diffusion model in the latent space to derive speaker-aware representa-
tions. Experiments on the VoxCeleb and CN-Celeb datasets demonstrate that our

method effectively isolates speaker features from speech content using pre-trained
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speech representations. The learned embeddings are robust to language mismatches

since the speaker embeddings become content-invariant after content removal.

1.3 Organization of the Dissertation

This thesis is organized as follows:
Chapter 1 introduces the research background and content.

Chapter 2 reviews the literature on speaker verification, establishing the context and

identifying the gaps our research aims to address.

Chapter 3 presents our contrastive learning framework designed to maximize speaker
separability. Specifically, we introduce a supervised contrastive loss with an additive
angular margin to effectively reduce intra-class variation. Moreover, our approach
preserves nonshared speaker information across diverse augmentations by maximiz-
ing the mutual information between acoustic features and speaker representations.
Experiments on CN-Celeb, VoxCeleb, and CU-MARVEL datasets demonstrate the

robustness of the proposed method.

Chapter 4 and Chapter 5 focus on parameter-efficient fine-tuning of pre-trained Trans-
former models for speaker verification. Our approach efficiently captures task-relevant
features by employing dynamic prompt tuning, which clusters prompts based on
speaker-specific traits. Additionally, incorporating spectral information from pre-
trained weight matrices into a LoRA-based fine-tuning process further improves Vox-
Celeb, CNCeleb, and CU-MARVEL performance while reducing memory and com-

putational demands.

Chapter 6 addresses the challenge of disentangled speech representation learning for
speaker verification. We propose a diffusion-based method within a VAE framework

that separates speaker timbre from spoken content in the latent space via a condi-
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tional diffusion model. This strategy yields content-invariant speaker embeddings, as
validated by experiments on VoxCeleb and CN-Celeb datasets, and further enhances

speaker-discriminative representation.

Finally, chapter 7 concludes with a summary of our contributions, a critical discussion

of the experimental findings, and an outlook on future research directions.



Chapter 2

Literature Review

2.1 Speaker Encoders

In this section, we survey a range of neural architectures that have been proposed
for learning speaker representations [44, 45, 46, 47]. We then examine the dominant

encoder designs employed across different learning frameworks.

Typically, speech processing begins with a framing step, which yields frame-level in-
put features. This approach, however, creates a gap between the low-level frame
representations and the desired higher-level, segment-based speaker embeddings. As
a result, methods for speaker embedding learning can be classified into two cate-
gories based on the stage at which optimization occurs: those operating at the frame
level and those at the segment level. In frame-level approaches, the aggregation of
frame representations is performed as a post-processing step, whereas segment-level
approaches embed the aggregation process directly within the neural network to fa-

cilitate end-to-end optimization.
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2.1.1 Frame-Level Optimized Speaker Encoders

The d-vector approach [27] operates at the frame level, optimizing a cross-entropy
(CE) loss function for individual frames. Given an input speech feature sequence O =
{o1,...,07} € RT*P where T is the number of frames and D is the feature dimension,
the network produces frame-level outputs F = {f;, ..., fp} € R™*?" from the hidden
layers near the output. These frame-level representations are then aggregated into a

sentence-level speaker embedding, typically via averaging:

1 T
Vdvec = T ;ft (21)

While the d-vector was an early milestone in neural-network-based speaker repre-
sentation learning, its limited architecture and frame-level optimization hinders its

scalability and adoption in large-scale applications.

2.1.2 Segment-Level Optimized Speaker Encoders

To address the granularity mismatch between training and inference in frame-level
methods, segment-level optimization techniques explicitly bind frames from the same
utterance and optimize at the segment level. This is achieved by incorporating an ag-
gregation layer into the network, which maps frame-level features to a unified segment-

level representation.

Aggregation Layers

Aggregation layers in speaker representation learning range from simple statistical
methods to more sophisticated mechanisms like attention [41, 48, 49, 50] and dictio-
nary learning [37]. Two widely used methods are Temporal Average Pooling (TAP)
and Temporal Statistics Pooling (TSTP). TAP computes the mean of frame-level
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features, while TSTP concatenates the mean and standard deviation vectors to cap-
ture additional variability. Although TSTP generally outperforms TAP, studies such
as [42, 51] have shown that using only variance (Temporal Standard Deviation Pool-
ing, TSDP) can also be effective. Higher-order statistics have been explored but have

not yielded significant performance gains.

Time-Delay Neural Networks

The x-vector framework [32, 33] represents a significant advancement over d-vector
by introducing segment-level optimization and employing a Time-Delay Neural Net-
work (TDNN) as the feature extractor. TDNNs use one-dimensional convolutions to
hierarchically expand the receptive field, enabling more robust modeling of temporal
dependencies. As the first widely adopted deep neural network (DNN) for speaker

embedding, x-vector sets a new standard for segment-level speaker representation.

ECAPA-TDNN (Emphasized Channel Attention, Propagation, and Aggregation in
TDNN) [3] further enhances TDNNs through several key innovations: 1) A channel
attention mechanism to emphasize speaker-specific features; 2) Multi-scale feature
learning for capturing patterns at varying temporal resolutions; 3) Multi-level feature
aggregation to integrate information across layers; 4) Residual connections to improve

gradient flow; and 5) Dense connections to preserve information from earlier layers.

These improvements reflect the broader evolution of speaker encoders, which we dis-

cuss in detail in Section 2.1.5.

Residual Networks

While increasing model depth has been a common strategy for improving perfor-
mance, researchers have found that indiscriminate depth scaling does not always yield

better results. The introduction of Deep Residual Neural Networks (ResNet) by He
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et al. [52] marked a significant breakthrough in image recognition and deep learning.
ResNet addresses the vanishing and exploding gradient problems through residual
learning, enabling the construction of deeper networks with improved performance.
Since its inception, ResNet has set new benchmarks in various image-related tasks
and has been adapted for speaker modeling. For instance, Joon et al. [36] employed
the ResNet34 and ResNetb0 architectures for speaker verification, but their direct
adaptation from image processing led to suboptimal results. Subsequent work by Li
et al. [53] introduced the Inception-ResNet structure, exploring its robustness across
different speech durations. Studies such as [35] and [37] further refined ResNet by re-

moving shallow pooling modules, leading to the widely adopted r-vector architecture.

Transformer-Based Models

The Transformer architecture, introduced in [54], has achieved remarkable success
across natural language processing (NLP) [55], computer vision (CV) [56], and speech-
related tasks [57]. Unlike traditional recurrent neural networks (RNNs) and convolu-
tional neural networks (CNNs), Transformers leverage self-attention mechanisms to
model global dependencies and enable parallel computation. Initial attempts to apply
vanilla Transformers to speaker verification tasks [58, 59] were hindered by their in-
ability to capture local features effectively. To address this limitation, researchers have
explored hybrid approaches, such as incorporating local attention mechanisms [60, 61]
and integrating CNNs to balance global and local feature modeling. Recent work
has further advanced this direction by inserting CNNs into the self-attention mod-
ules [47, 62, 63, 64] or using dual-branch architectures with cross-fusion [65, 66, 67].
These innovations have enabled Transformer-based models to achieve performance

comparable to state-of-the-art convolutional models in speaker verification tasks.

10
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2.1.3 Frame-Level and Segment-Level Optimization

Recent advancements in neural network-based speaker encoders have seen a shift
from frame-level to segment-level optimization. The latter is generally more suit-
able for practical applications as it facilitates the learning of speaker embeddings
at the utterance level. However, there remain scenarios where frame-level modeling
is advantageous. For example, Tawara et al. [68] extended segment-level multi-task
and adversarial training techniques [69] to frame-level speaker encoders, demonstrat-
ing that frame-level embeddings perform better in short-duration speaker recognition
tasks (e.g., under 1.4 seconds). Intuitively, fine-grained, frame-level representations
should be more effective in short-duration scenarios. Similarly, in speaker diarization
tasks, such as those in EEND [70] and TS-VAD [71], frame-level modeling is essential

due to the precise timestamping required for speaker diarization.

2.1.4 1D Convolution and 2D Convolution

Speech signals are inherently one-dimensional and sequential in nature. Thus, models
processing raw waveforms, such as RawNet [72, 73, 74] and SincNet [75], often use one-
dimensional convolutional backbones. However, when the model input is converted
to time-frequency representations like spectrograms or filter banks (Fbank), two-

dimensional convolutions can be applied.

Models like TDNN [3, 32, 33] typically use one-dimensional convolutions applied
across the time axis. These convolutions are computationally efficient, enabling fast
processing of long time-series data. Additionally, by using larger convolutional ker-
nels (e.g., dilated convolutions in TDNN), TDNNs are capable of modeling long-range
dependencies. However, this approach has limitations in capturing relationships be-
tween different frequency bands, and does not fully exploit the complexity of both

time and frequency dimensions.

11
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In contrast, two-dimensional convolutions, which span both the time and frequency di-
mensions, offer a more comprehensive method for modeling the time-frequency struc-
ture of speech. These models, such as those represented by ResNet [35, 37, 76|, can
better capture complex relationships across both time and frequency, but they re-
quire more computational resources and memory, leading to longer training time and
a higher risk of overfitting. Consequently, the choice between 1D and 2D convolutions
depends on the task, computational constraints, and dataset size. Nevertheless, using
2D convolutions in layers associated with time-frequency representations has shown
promising results. For instance, ECAPA-TDNN2 [77] introduces 2D convolutions
in the lower layers, a strategy also adopted in ECAPA-CNN-TDNN [78] and MFA-
TDNN [79], where a 2D-CNN module is appended before the original ECAPA-TDNN

architecture.

2.1.5 Taxonomies of Speaker Encoder Improvement
Deepening Network Architecture

To facilitate the construction of deeper neural networks, various types of highway
connections, such as residual connections [3, 35] and dense connections [80], have
been introduced. These architectures help mitigate the vanishing gradient problem,

making it feasible to train deeper models and achieve better performance.

Utilizing Contextual Information

In early speaker models, contextual information was typically limited to the size of the
input window the model could process. For instance, d-vectors based on DNNs often
use frame extension to expand the receptive field [27]. The x-vector [32] structure
has a more limited receptive field, covering only tens of frames of contextual data.

The TDNN [33] addresses this issue by incorporating dilated convolutions, which

12
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provide greater flexibility in capturing long-range dependencies. Newer architectures,
such as Transformers, can model long-range dependencies due to their self-attention
mechanism. To more effectively utilize contextual information, three key strategies

are frequently employed:

o Multi-scale modeling: Different subnets operate on various scales or feature bins,
processing either raw inputs [81] or intermediate features [3, 76, 79, 82, 83, 84,
85, 86].

e Cross-layer aggregation: By aggregating features across layers with different

temporal resolutions, models can better utilize contextual information [3, 47].

o Faplicit local and global information modeling: For certain tasks, incorporating
global contextual data from longer speech signals has proven beneficial. This
approach can improve the model’s robustness to noise and degradation in long-

duration speech [60, 79, 87, 88, 89].

Automatic Feature Selection and Reweighting

The importance of features across different frequency bins varies, and their relevance
for speaker modeling is not uniform [90]. Attentive pooling serves as an automatic
reweighting mechanism along the time axis, while similar techniques for reweighting
and feature selection can be applied along the frequency or channel axes [91, 92, 93,

04, 95].

2.2 The Evolution of Learning Paradigms

This section examines the significant paradigm shifts in machine learning over recent
years. Traditionally, models were predominantly trained from scratch using super-

vised methods. However, recent advancements have introduced more sophisticated

13
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approaches, including self-supervised learning [96, 97, 98, 99, 100] and the devel-
opment of pre-trained large-scale speech models [101, 102, 103]. Furthermore, this
section will also delve into the progress made in multi-modality and cross-modality

learning frameworks.

2.2.1 From Supervised to Self-Supervised Learning
Supervised Learning Methods

In supervised learning, the training dataset comprises inputs paired with their cor-
responding expected outputs (labels). This methodology is effective for achieving
precise modeling outcomes, provided the dataset is extensive and accurately anno-
tated. In the realm of speaker representation learning, the loss functions employed in
supervised training are generally categorized into two types: those based on softmax

classification and those derived from metric learning.

Classification Based Objectives: The softmax loss function is widely used for
training deep neural networks (DNNs) to discriminate between speakers. It is math-

ematically expressed as:

L ! §N log (2.2)
frmax = —— 0g ———— .
softmax N < ZC eWJTzH‘bj )

1=1 j=1

where N denotes the batch size, and C' represents the number of classes. Here,
z; € R? is the i-th sample input to the projection layer, and y; is its corresponding
label index. The weight matrix and bias in the projection layer are denoted by
W = [wy,...,wc] € R*Y and b = [by,...,bc]T € RY, respectively. While the
softmax loss effectively penalizes misclassifications, it does not inherently optimize
for intra-class compactness or inter-class separation. This limitation has spurred the
development of enhanced variants like A-Softmax [104, 105], AM-Softmax [106, 107],
and AAM-Softmax [38, 108], which incorporate margins in an angular space or in

the cosine similarities to enhance discrimination between classes. A comprehensive

14
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analysis of these margin-based softmax functions in speaker embedding learning is

available in [38].

Metric Learning Based Objectives: In addition to classification-based objectives,
metric learning-based loss functions have also been explored for speaker representation
learning. For example, the Triplet [109, 110, 111, 112] and Quadruplet Losses [113,
114] aim to create an embedding space such that the positive instance (same class as
the anchor) is moved closer to the anchor and the negative instance (different class
from the anchor) is moved away from it. Meanwhile, Center Loss [37, 40, 115] aims
to reduce intra-class variations and is often used alongside traditional softmax loss to

balance intra-class compactness with inter-class separability.

Self-Supervised Methods

Acquiring large-scale datasets with speaker labels is often labor-intensive and may
raise privacy concerns. Consequently, there is a growing need to uncover latent la-
bels and inherent structures directly from the data, leading to the development of
self-supervised training methodologies. Self-supervised learning can be broadly cat-
egorized into two paradigms: generative and discriminative. Generative methods
facilitate model learning by reconstructing input data [116, 117]. However, in the do-
main of self-supervised speaker representation learning, the focus has predominantly

been on discriminative approaches, which are highlighted below.

Contrastive Learning Based Method: Contrastive learning in self-supervised
contexts resembles metric-based techniques, operating under two fundamental as-
sumptions: 1) A single utterance or a brief consecutive interval contains only one
speaker, and 2) Distinct utterances feature different speakers. Leveraging the first
assumption, segments from the same speaker can be paired to form positive pairs,
(2, z;"). The second assumption allows for the identification of negative pairs, (z;, z; ),

by sampling segments from different utterances. This framework enables the design of
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contrastive loss functions aimed at minimizing the distance between the instances in

positive pairs while maximizing the distance between the instances in negative pairs:
Loon = Zd (zi,2]7) — Zd (zi,27), (2.3)
N+ N-

where, d(-,-) represents any valid distance metric, and the loss function can take
various forms beyond the basic formulation above. The overarching objective, how-
ever, remains consistent: to reduce the distance between the instances in positive
pairs and increase it between the instances in negative pairs. For example, Jati et
al. [118] employed the L, distance to measure segment similarity and utilized a bi-
nary classification loss to differentiate between positive and negative pairs. Ravanelli
et al. [119] focused on maximizing mutual information (MI) for positive pairs while
minimizing it for negative pairs. To enhance robustness against channel variations,
Zhang et al. [120] introduced data augmentations to segments from the same utter-
ance and incorporated an additional loss term to regulate positive pair distances. Xia
et al. [121] further enriched negative pair diversity by maintaining a buffer of speaker

embeddings from previous batches.

Non-Contrastive Learning Based Method: Despite the efficacy of contrastive
learning in extracting speaker representations from unlabeled data, its reliance on
the assumption that “different utterances contain different speakers” can lead to false
negative pairs—instances where segments from different utterances belong to the
same speaker. Han et al. [122] highlighted that nearly every batch of size 256 in the
VoxCeleb2 dataset [123] contains at least one such false negative pair. To address this
limitation, the ‘self-distillation with no labels (DINO)’ strategy [124, 125, 126, 127]
has been proposed. DINO employs two parallel networks: a student network and a
teacher network. Positive pairs, derived from the same utterance, are fed into these
networks, which map the inputs to high-dimensional distributions. The loss function
is designed to minimize the divergence between the output distributions of the two
networks:

Lpino = CrossEntropy (student(z;), teacher(z;)) . (2.4)

16
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During optimization, the student network is updated via backpropagation, while the
teacher network is updated as a moving average of the student network. Jung et
al. [125] applied DINO to a raw waveform-based system, achieving superior perfor-
mance compared to prior self-supervised methods. Additionally, Heo et al. [126]
demonstrated that progressively increasing the number of speakers during training
further enhances performance. Chen et al. [127] provided a comprehensive analysis of
DINO-based methods, examining the impact of data augmentation, speaker diversity,

and the number of sampled segments on speaker representation learning.

2.2.2 Semi-Supervised Training

In practical applications, datasets often consist of a small portion of labeled data
alongside a significantly larger pool of unlabeled data, defining a semi-supervised
learning scenario. A common approach in this context involves initially pre-training a
model using the labeled data. This model is subsequently utilized to generate pseudo-
labels for the unlabeled data. Following this, a new model is trained on a combination
of the original labeled data and the newly pseudo-labeled data [128, 129, 130]. The
effectiveness of this method heavily relies on the accuracy of the pseudo-labels, which
in turn is influenced by the quality and quantity of the initial labeled data used
for pre-training. Additionally, innovative approaches by Inoue et al. [131] and Choi
et al. [132] have integrated self-supervised and supervised learning objectives into a
unified framework, enabling joint training on both labeled and unlabeled datasets.
Typically, speaker recognition systems operate in two phases: the training phase for
the speaker embedding extractor and the inference phase. Semi-supervised techniques
are predominantly applied during the training phase. However, Chen et al. [133] intro-
duced a graph-based label propagation method that utilizes both labeled enrollment
data and additional unlabeled data during the inference phase, enhancing speaker

recognition performance in scenarios such as household smart speakers.
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2.2.3 Leveraging Large Pre-trained Models

Recent years have witnessed a surge in interest towards large-scale self-supervised
speech pre-trained models [102, 134, 135, 136, 137]. These models are first pre-
trained on extensive unlabeled datasets and then adapted to various speech-related
downstream tasks. Yang et al. [138] developed a benchmark named SUPERB to
systematically evaluate the performance of pre-trained models across different down-
stream tasks. Given the diversity in task paradigms, fine-tuning strategies are tailored
accordingly. Fan et al. [139] pioneered the application of the wav2vec 2.0 model [135]
to speaker verification and language identification tasks by augmenting the model
with a pooling layer and a linear transformation to derive fixed-dimensional embed-
dings encapsulating speaker and language information. Vaessen et al. [140] further
investigated the wav2vec 2.0 model’s efficacy in speaker verification, experimenting
with various pooling methods and loss functions, though the results did not surpass
those of the ECAPA-TDNN network [3]. To bridge this performance gap, Chen et
al. [141] integrated weighted representations from all layers of the pre-trained model
directly into the ECAPA-TDNN framework, achieving notable improvements. While
these methods typically involve fine-tuning the entire pre-trained model, which neces-
sitates storing separate model parameters for each task, Peng et al. [142] proposed a
parameter-efficient fine-tuning strategy that updates only lightweight adapters, yield-
ing competitive results. Furthermore, Cai et al. [143] highlighted the advantages of
using a Conformer model pre-trained specifically for Automatic Speech Recognition
(ASR) tasks over generic pre-trained models for speaker verification, noting that

ASR-specific pre-training mitigates overfitting in speaker recognition training.
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Mutual Information-Enhanced
Contrastive Learning with Margin

for Maximal Speaker Separability

3.1 Introduction

Speaker representation learning is crucial for speaker verification (SV). Its goal is to
learn a feature embedding space characterized by 1) same-class compactness, ensuring
that the embedding vectors of the same speaker are close; 2) different-class dispersion,
where the embedding vectors belonging to different speakers are far apart. Recent
years have witnessed significant advancements in this area, a result of the advance-
ments in deep neural network (DNN) architectures [3, 32, 33], complex loss func-
tions [39, 108, 144, 145], innovative pooling strategies [37, 146], and effective domain
adaptation methods [147, 148, 149]. However, the models are still not sufficiently ro-
bust to noisy labels [150, 151] and are sensitive to input perturbation unless a notion
of margin is introduced to their loss function [152, 153]. Research indicates that these

shortcomings can reduce the models’ generalization capabilities [154, 155, 156, 157].
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Several methods have been developed to increase intra-class compactness and bolster
inter-class separation in embedding spaces [158]. Wen et al. [115] proposed a regular-
ization term to penalize the gaps between features and their corresponding centers.
Building upon this idea, Ranjan et al. [159] and Wang et al. [160] suggested con-
straining the L, norm of the feature representations for the softmax loss so that they
lie on a hypersphere with a fixed radius, and Liu et al. [161] proposed optimizing
the cosine similarity between the feature representations and their class centroids.
These adjustments result in well-separated classes in the representation space and
reduce intra-class dispersion, resulting in larger gradients during training. Further-
more, Liu et al. [153] argued for an enlarged classification margin, emphasizing that
a more challenging learning objective can stimulate the acquisition of more discrim-
inative features. Similarly, Liu et al. [162] introduced an angular distance metric.
This metric evaluates the dissimilarity of objects based on their geodesic distance
within a hypersphere manifold and uses an angular margin to heighten the strictness

of decisions.

Contrastive learning is increasingly gaining attention in the SV community [120, 163,
164, 165]. This approach creates positive pairs using augmented samples of an utter-
ance from the same speaker. It considers different utterances and their augmented
versions as being from distinct speakers, thus forming negative pairs. The overarch-
ing goal is to draw the embeddings of the positive pairs closer while distancing the
embeddings of the negative pairs. Because the supervised information for one view
comes from the other view, contrastive learning can leverage the shared information
across views, but often overlooks nonshared task-relevant information. Shared infor-
mation corresponds to speaker features relevant to the SV task, and the features are
shared across different views of the utterances. For example, a waveform after noise
contamination will still contain some information about the same speaker. Nonshared
information, on the other hand, refers to speaker features that are specific to the test

speakers but not shared between different views during contrastive learning; Wang
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et al. [166] also theoretically proved that the nonshared information cannot be ig-
nored; otherwise, the representation learned through contrastive learning may not be

sufficient for the downstream tasks.

A speaker embedding network optimized by contrastive learning will also tend to
ignore nonshared information because the network can never see the test speaker
population during contrastive training. An intuitive approach to reinforce the non-
shared information in the embeddings is to explicitly maximize the mutual infor-
mation between low-level features and segment-level embeddings. This encourages
the embeddings to capture speaker information preserved in lower-level representa-

tions [156, 167].

To facilitate maximal speaker separability, many investigations [168, 169, 170] have
employed the NT-Xent loss, which is essentially a variant of the cross-entropy loss
integrated with a softmax function. Nevertheless, recent findings [108, 106, 171] sug-
gest that while the conventional softmax-based loss can effectively enlarge inter-class
discrepancies, it is ineffective in minimizing intra-class variations. This phenomenon
implies that the resulting features, although discriminative for closed-set classifica-
tion, are inadequate for open-set speaker recognition. Moreover, the widespread con-
trastive strategies emphasize distinguishing between positive and negative pairs [172,

173, 121], with little attention to exploring optimization objectives.

To alleviate the above challenges, we designed a speaker verification framework to
learn discriminative speaker representations using mutual information-enhanced con-
trastive learning with margin. The capability of speaker representation is enhanced
by incorporating an additive angular margin into the supervised contrastive loss.
Meanwhile, our framework increases the mutual information between the speaker
representation and the first convolutional layer of the speaker encoder to capture

more nonshared information.

This paper substantially extends our earlier work in [174, 175]. Firstly, the paper
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empirically verifies that the minimal sufficient representation [166] is not sufficient
for speaker verification because it misses the nonshared information across the aug-
mented views. We maximize the mutual information between the low-level features
and utterance-level embeddings to enhance the preservation of useful information.
Our comprehensive experiments demonstrate that incorporating squeezed frame-level
phonetic information into the embedding extractor consistently improves speaker ver-
ification performance. Secondly, the paper adds comprehensive analyses to investi-
gate the impacts of the proposed method on speaker representation. The analyses
include a detailed exploration of the angular margin’s influence, an investigation into
the impact of varying the number of positive samples, and an analysis of alignment
and uniformity. Thirdly, we have extended our experimental evaluations from the
VoxCeleb1 dataset to encompass the larger and more challenging VoxCeleb2 dataset.
This expansion ensures a more comprehensive validation of our proposed method
across different datasets. Fourthly, we investigate the behavior of our method under
low-resource scenarios using a Cantonese dataset called CU-MARVEL. The dataset
was originally developed for dementia detection, and we repurposed it for speaker

verification research under low-resource conditions.

3.2 Methodology

We aim to develop a speaker representation network based on contrastive learning
using labeled audio data. The embedding vectors should cluster together for similar
speakers and be distant apart for dissimilar speakers. To this end, for each training
batch, we apply data augmentation to create diverse samples for each utterance in the
batch. Despite various augmentations, the embedding vectors of the same instance
should remain consistent. Conversely, embeddings from different samples should be

distinct.

As depicted in Fig. 3.1, an encoder network processes the spectrograms of both the
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Speaker Embedding
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Figure 3.1: Our architecture uses additive angular margin for mutual information-
enhanced supervised contrastive learning. The encoder transforms acoustic features
(MFCC or FBank) into normalized embedding vectors. Invariance occurs for the
embeddings (e.g., z; and 21) whose acoustic features (z; and ;) come from the same
speaker. On the other hand, embeddings (e.g., z; and z2) whose acoustic features

(x; and @2) belong to different speakers are far apart.

original instances and their augmented samples. This process yields a set of normal-
ized embeddings. At the end of this process, we maximize the mutual information
between the representation and the frame-level embedding from the encoder. We
also compute the contrastive loss with an additive angular margin on the network’s

output.

3.2.1 Representation Learning Framework

Inspired by recent contrastive learning methods, our method aims to enhance repre-
sentation learning. It maximizes the agreement across various augmented views of
the same data via contrastive loss in the embedding space. As illustrated in Fig. 3.1,

the framework consists of four pivotal components.

Data Augmentation For each input sample, we generated one or multiple random

augmentations, denoted as &; = Augmentation(x;). Each augmentation provides a
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unique data perspective and comprises some of the original sample’s information. Fol-
lowing the Kaldi’s recipe [176], we employed augmentation techniques such as adding
noise, music, and chatter from the MUSAN dataset [177]. Additionally, we gener-
ated reverberation effects by convolving the original waveforms with room impulse

responses (RIR) from the RIR dataset [178]. We also employ speed perturbation [179].

Encoder Network Our primary objective involves training an encoder network
using a labeled audio dataset X = {@1,®s,...,@,}. he(-) denotes the first convolu-
tional layer in the speaker encoder followed by global pooling, transforms each input
audio x; into a low-dimensional vector h; = hy (x;) € R4 where T is the number
of frames and d represents the dimension. Both original and augmented samples are
independently fed into the same encoder, resulting in two representation vectors h;

and ﬁl

Projection Network The projection network, denoted as g,(-) in Fig. 3.1, is a
shallow network with one linear output layer responsible for transforming the en-
coder’s output into a space where we apply the contrastive loss. We normalize the
network’s output to ensure the embedding vectors lie on a unit hypersphere. This
normalization enables us to estimate distances in the projection space using inner

products.

3.2.2 Recap of Supervised Contrastive Learning with Margin
Supervised Contrastive Learning

As shown in Fig. 3.2, we explore the supervised contrastive loss, where positive ex-
amples of a given class are contrasted with negative examples from different classes,

utilizing the provided labels. We incorporated the original and augmented speaker
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Figure 3.2: Our basic idea is illustrated by contrasting all samples from the same class
(positives) against those from other classes (negatives) in a batch. By incorporating
class label information, we create an embedding space where similar speakers stay
close to each other while dissimilar ones are far apart. In this example, x; and @,

come from the same speaker, whereas &3 comes from another speaker.

embeddings into a supervised contrastive loss [174, 180]:

ESupCon - Z | Z sl Szm(zu zp)/T) (31)

e ZGGA(Z exp(sim(z;, z4)/7)’

where sim(z;, z,) is the cosine similarity. In Eq. 3.1, z; is an anchor, z, is a negative
sample, A(7) comprises the indices of the negative samples with respect to z;, 2z, is a
positive sample with respect to z;, and P(i) contains the indices of positive samples
in the augmented batch (original + augmentation). 7 € R™ is a scalar temperature

parameter.
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Angular Margin Based Contrastive Learning

Although the training objective attempts to pull the representations of similar speak-
ers closer together and push the representations of different speakers apart, these
representations may not be sufficiently discriminative or robust against noise. Let us
denote the cosine similarity as

Z; Zp

e (3.2)
[EANEA

cosb;, =

where 6, , is the angle between the embeddings z; and z,. A similar formula applies
to z; and z,. The decision boundary of z; for specific p and a is 0, = 0;,, where
p and a index to the positive and negative samples, respectively (Fig. 3.3a. A small
perturbation of the embedding vectors around the decision boundary may result in an
incorrect decision if no decision margin exists (Figs. 3.3b and 3.3c. To overcome this
problem, we advocate adding an additive angular margin m to the decision boundary.
We name the resulting objective as supervised margin contrastive (SupMarginCon)

loss [175], which is formulated as:

‘CSupMarginCon -
i -1 Z log exp (cos (0;p +m) /7) (3.3)
2 TP 2 18 5y o (cos (0u0) /7)

As shown in Fig. 3.3d, in this loss, the decision boundary of z; for specific p and
ais 0;, + m = 0;,. The minimization of Eq. 3.3 will push z; further towards the
area where 0, ,, decreases and 0, , increases. Therefore, adding a margin can increase
the compactness of same-speaker representations and the divergences between the
different-speaker representations. This aid improves alignment and uniformity — two
quality measures fundamental to contrastive learning [181]. These metrics indicate
how close positive-pair embeddings are to one another and how uniformly distributed
the embeddings are. These properties make the SupMarginCon loss more discrimi-

native than the conventional loss, such as the SupCon loss (Eq. 3.1).
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Figure 3.3: (3.3a) Without a decision margin, the decision boundary for z; is 6;, =
0iq- (3.3b) — (3.3¢) A small perturbation on z, or z, but in the wrong directions can
lead to incorrect decisions. (3.3d) SupMarginCon incorporates an additive angular
margin m, ensuring the decision boundary for z; satisfies 6;, +m = 6, , for specific
positive and negative samples. With the tolerance m, both z, and 2z, can be subject

to a larger perturbation without causing a wrong decision for z;.

3.2.3 Leveraging Nonshared Speaker Information

In contrastive learning, the augmented views provide supervision information for an
anchor. For example, the input @; in Fig. 3.1 and Fig. 3.2 provides a supervision
signal to x; because they come from the same utterance. The signal plays a similar
role as class labels in supervised learning [182]. The analyses in [166] suggest that in
contrastive learning, the minimal sufficient representation falls short for downstream
tasks due to the missing nonshared task-related information in the representations.
Additionally, contrastive learning tends to produce a minimal sufficient representation
(i.e., ignoring the nonshared information between multiple views of the same object),

thus risking overfitting the shared information across views.

Unlike contrastive learning methods that use InfoNCE [183, 184] to maximize the
similarity between positive samples [185, 186, 187] or the approaches that leverage
mutual information to disentangle speaker embeddings from factors such as age and
domain [188, 189, 190], our method employs InfoNCE [184] to increase the mutual
information between low-level features and utterance-level embeddings. We extract

additional nonshared information from h; and iLl h; is the output of the first con-

27



Chapter 3. Mutual Information-Enhanced Contrastive Learning with Margin for
Maximal Speaker Separability

volutional layer of the speaker encoder followed by global pooling, sharing the same
dimensionality as z;. h; is the augmented version of h;. We maximize the mutual
information I(z;, h;) and I(2;, ﬁz) to enhance the speaker information in z; and Z2;.

Given the symmetry between h; and h;, our objective is to maximize
I (zihy) +1 <zl, hi) . (3.4)

For optimizing I (z;, h;) and I (z}, izl), we choose the InfoNCE as the lower bound

estimates of mutual information. Concretely, the InfoNCE lower bound is [166]

p(zi| h;)
NZ Nzl 1 p (2| h)] (35

=1

INCE(Z h

where {2;}¥, are sampled from the conditional distribution p(z|h), with h; drawn

from the mini-batch, and N is the batch size.

To compute the InfoNCE [184] lower bound, we require a probabilistic model for
p(z]h) from which N samples of z, {2z}, are drawn. Following [166, 191], we
employ the reparameterization trick during training. Specifically, we model p(z|h) as
a Gaussian distribution N'(z; fa(h), 0*I), where o2 is a pre-defined variance and fy(h)
is a deterministic function implemented by a DNN parameterized by 6. Consequently,
we have z = fy(h) + o€, with € ~ N(0, I). Then, Iycg is equivalent to
N
Incr(z, h) —— ZaneX —pllzi— fo (ho)|I3) | . (3.6)
=1 =1
where p is a scale factor. For estimating I(2;, le), the approach is the same. Therefore,

the loss function for maximizing the mutual information is:

ﬁ]nfoNCE = _fNCE(Za h) - jNCE<2i7 ilz) (3-7)

3.2.4 Model Training

After finishing the contrastive loss minimization, the encoder’s parameters are typi-

cally frozen before training a linear classification layer. However, we advocate achiev-
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ing both contrastive and classification learning simultaneously. To this end, we intro-
duce AAMSoftmax [108] to our classification task, which is optimized alongside the

contrastive loss during training.

The SupMarginCon, incorporating InfoNCE loss [166, 184], can be added to the total

loss as a regularization term. The combination can be implemented as follows:
L= £AAMSoﬂmaz + 'CSupMarginC'on + )\'ClnfoNCE~ (38)

We aim to enhance the sufficiency of the information in the representations without
compressing it. Additionally, we must avoid introducing excessive nonshared infor-

mation to z from h. We utilize a coefficient A to control this.

3.2.5 Analysis and Discussion

Our proposed SupMarginCon loss function (Eq. 3.3) incorporated margin into Sup-
Con (Eq. 3.1). The SupCon loss leads to an innovative contrastive approach that
allows multiple positives for each anchor. Our proposed loss effectively leverages
label information in contrastive learning and derives highly discriminative features
essential for speaker verification. The proposed supervised contrastive learning-based

framework has the following advantages:

¢ Generalization to arbitrary positives. Within a multiview batch, every
anchor benefits from its augmented sample and other samples with the same
label, contributing to the loss function’s numerator. The supervised loss guides
the encoder to generate representations that closely align with their respective

classes, resulting in denser speaker clusters within the embedding space.

e Enhanced contrastive capability with increased negatives: As indicated
by Eq. 3.3, the loss function has a sum over the negatives in the denominator.
As a result, the capability to distinguish between noise and signal is enhanced

when more negative samples are added.
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e Additive margin increases discriminative power: The additive-angular-
margin supervised contrastive loss improves speaker discrimination by increas-

ing the decision margin in the angular space.

3.3 Experiments and Results

3.3.1 Implementation Details

We incorporated the proposed loss function into the models in the 3D-Speaker toolkit
[192] and evaluated them on the VoxCeleb [193, 194], CN-Celeb [195, 196], and CU-
MARVEL [197] datasets for speaker verification. We used various architectures in
the 3D-Speaker toolkit and the ERes2NetV2 architecture [198] for the encoder. We
utilized 80-dimensional Fbank vector as input features. Our experiments incorporated
four types of data augmentations: room impulse responses, music, background noise,
and babble noise. We employ speed perturbation [179] with scaling factors of 0.9
and 1.1. We use mini-batches of size 1024, and for each utterance in a mini-batch,
we randomly extracted a 3-second segment. The Adam optimizer was used. The
parameter m in Eq. 3.3 was set to 0.2 or 0.3. The margin and scale in AAM-Softmax
were set to 0.3 and 32, respectively. The contrastive learning temperature 7 was set

to 0.07. For Eq. 3.6, 0 = 0.1 and p = 0.05.

3.3.2 Results and Analysis

Table 3.1 presents a comprehensive evaluation of various speaker encoders trained
on VoxCeleb2 and tested on VoxCeleb1-O, VoxCelebl-E, and VoxCelebl-H. Multiple
architectures including Res2Net, ResNet34, ECAPA-TDNN, ERes2Net, CAM++,
and ERes2NetV2 were evaluated across several loss functions: Cross-Entropy, AM-

Softmax, AAM-Softmax, and our proposed loss function combining AAM-Softmax,
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supervised contrastive learning with margin, and mutual information enhancement

(Eq. 3.8).

Across all architectures and test sets, our proposed method consistently achieved
superior performance. Specifically, the ERes2NetV2 architecture with our proposed
loss achieved the best overall results, obtaining EERs of 0.53%, 0.66%, and 1.21%, and
minDCF's of 0.049, 0.071, and 0.121 on VoxCeleb1-O, VoxCelebl-E, and VoxCeleb1-H
respectively. This represents notable improvements over the baseline AAM-Softmax
loss with relative reductions of approximately 14.5%, 14.3%, and 17.1% in EER,

highlighting the effectiveness of our approach.

The results further illustrate that margin-based losses (AM-Softmax, AAM-Softmax,
and our loss) significantly outperform traditional cross-entropy across all tested archi-
tectures and datasets, reinforcing the efficacy of margin-based constraints in speaker
verification. Moreover, our approach consistently outperforms standard AAM-Softmax,
demonstrating the complementary advantages provided by supervised contrastive
learning and mutual information enhancement, particularly in the more challenging

test set VoxCelebl-H.

Our proposed method demonstrates consistent superiority on the CN-Celeb evalua-
tion set, achieving the best results across all speaker encoders and loss functions. As
shown in Table 3.2, the ERes2NetV2 architecture combined with our loss function
achieves an EER of 5.73% and a minDCF of 0.341, outperforming the second-best
AAM-Softmax baseline (6.14% EER, 0.370 minDCF). This trend holds across all ar-
chitectures, with our method consistently reducing EER and minDCF over traditional
loss functions. The improved performance on CN-Celeb, which includes diverse and
challenging real-world scenarios, further underscores the generalization capability of
our method. These results align with the findings on VoxCeleb, confirming the effec-
tiveness of our hybrid optimization strategy across different datasets and evaluation

protocols.
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3.3.3 Comparing with Margin-based Contrastive-based Loss

To verify the effectiveness of our proposed loss function, we compare it against sev-
eral well-known contrastive learning and margin-based methods, including AMC-
loss [201], triplet loss [148, 202], angular prototypical loss (Ang-Prototy) [203], and
CBRW-BCE [204]. AMC-Loss [201] combines traditional cross-entropy loss with an
angular margin, explicitly minimizing geodesic distances within classes and maximiz-
ing inter-class angular separations. Triplet loss [202] is closely related to supervised
contrastive learning, representing a special case of contrastive loss that uses exactly
one positive and one negative sample per anchor. Angular prototypical loss [203] does
not require explicit speaker identities for each utterance; instead, positive pairs are
sampled from within the same utterance and negative pairs from different utterances.
CBRW-BCE [204] leverages a bipartite ranking method to mitigate the imbalance of
trials, integrating curriculum learning that gradually selects harder negative samples,

thus improving training stability and model performance.

Table 3.3 summarizes the comparison results. When ECAPA-TDNN was used as
the speaker encoder, the proposed loss achieved an EER of 0.74% and minDCF of
0.096, significantly outperforming AMC-Loss (2.54% EER), triplet loss (2.30% EER),
angular prototypical loss (1.19% EER), and CBRW-BCE (1.10% EER). These results
demonstrate the clear advantage of our method in terms of speaker discriminative

capability.

Table 3.3 also shows that under the AAM-Softmax loss, the speaker encoder CAM++ [36]
and ECAPA++ [205] achieve a similar performance (0.66% and 0.65% EER, respec-
tively) but outperform IM-ECAPA-SimAM [206] and NeXt-TDNN [84] (0.79% EER).
Notably, when trained with our proposed loss, CAM++ [36] can achieve an even bet-
ter performance (0.59% EER, 0.076 minDCF'), surpassing both ECAPA++ [205] and
NeXt-TDNN [84], despite these two encoders are more advanced. This observation

indicates that our proposed loss function can significantly enhance the performance
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of encoders with simpler architectures, demonstrating its robustness and effectiveness

across different speaker encoders.

3.3.4 Ablation Study

To further understand the contributions of each component in our proposed loss
function, we conducted an ablation study using the ERes2NetV2 architecture, shown
in Table 6.2. Specifically, we evaluated the individual and combined effects of MI
(Eq. 3.6), SupCon (Eq. 3.1), and SupMarginCon (Eq. 3.3).

Table 6.2 shows that incorporating MI alone with AAM-Softmax provides a slight
performance improvement, reducing the EER from 0.65% to 0.63% on VoxCelebl and
from 6.14% to 6.08% on CN-Celebl. The addition of supervised contrastive learning
(SupCon) significantly enhanced performance, further decreasing EER to 0.57% on
VoxCelebl and 5.90% on CN-Celebl. When introducing the margin into supervised
contrastive learning (SupMarginCon), additional gains were observed, reducing the
EER to 0.54% and 5.80%, respectively. Finally, combining all three components
(AAM-Softmax, SupMarginCon, and MI) results in the best overall performance,
achieving an EER of 0.53% on VoxCelebl and 5.73% on CN-Celebl, demonstrating

the effectiveness of each component and their synergistic combination.

3.3.5 Effect of Maximizing Mutual Information

We selected three classic contrastive learning models—SimCLR [96], MOCO [97], and
SupCon [180] (Eq. 3.1)—as our baselines to evaluate the impact of increasing the mu-
tual information between frame-level features and speaker embeddings. The results
on VoxCeleb1-O and CN-Celebl-test are displayed in Table 3.5. Maximizing mutual
information between the frame-level output and the utterance-level representation

introduces nonshared information, enhancing performance notably in self-supervised
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learning. This suggests that the shared information between views is insufficient for
speaker verification, where enhanced mutual information leads to substantial improve-
ments. Previous best practices [157] have shown that using the output of the first
convolutional layer of the speaker encoder followed by global pooling as h achieves the
optimal results. We follow this recipe in our approach. Furthermore, its effectiveness
across different contrastive learning models indicates that our findings are broadly

applicable.

3.3.6 Effect of Increasing the Role of Mutual Information

Accurately quantifying mutual information between high-dimensional variables is
challenging and frequently results in imprecise estimations. We hypothesize that
the hyper-parameter A\ plays an important role in regularizing the nonshared infor-
mation in the embedding. Specifically, a larger A will introduce more nonshared
information across views, enriching speaker information in the embeddings. To test
this hypothesis, we varied A and set it to 0.001, 0.01, 0.1, 0.5, and 1.0 and assessed
the performance of the proposed loss function (Eq. 3.8) using ERes2NetV2 as the
speaker encoder. Fig. 3.4 shows the EER against different values of \. We observe
a non-monotonic V-shape in EER with varying A, suggesting that increasing mutual
information consistently enhances performance in speaker verification, but excessively

increasing mutual information could introduce noise along with useful information.

3.3.7 Effect of Angular Margin

The angular margin m in the SupMarginCon (Eq. 3.3) loss function affects the model’s
ability to discriminate. To explore this effect further, we systematically varied m
from 0 to 0.5 degree in increments of 0.1 degrees. When the margin m is set to
0, SupMarginCon naturally degenerates into the SupCon (Eq. 3.1). The results are

shown in Fig. 3.5.
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Figure 3.4: EER with varying hyper-parameter X in Eq. 3.8.

As shown in Fig. 3.5a, the model achieves optimal performance on VoxCeleb1-O
when m = 0.2. Fig. 3.5b shows that the best performance (EER = 10.18%) on CN-
Celeb is achieved when m = 0.3. Any deviation from these optimal values results
in a performance drop. This observation aligns with the common intuition, i.e.,
excessively small m causes the contrastive objective to lose discriminative power,
while unnecessarily large m makes training difficult, causing suboptimal embedding

networks.

3.3.8 Effect of Contrastive Learning

We further validated the capability of the proposed contrastive learning paradigm by
visualizing the embedding of 20 speakers in the VoxCelebl. Each speaker has 100
utterances. We used t-SNE to project the high-dimensional embedding vectors to a

2D space.

Fig. 3.6a shows the embeddings obtained from AAMSoftmax, while Figs. 3.6b, 3.6¢,
and 3.6d provide visualizations of SupCon, SupMarginCon, and our loss, respectively.
Figs. 3.6c and 3.6d show that incorporating the margin makes the speaker clusters

more compact. Our loss combines AAMSoftmax, SupMarginCon, and MI, leverag-
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Figure 3.5: Effect of the angular margin m in the SupMarginCon (Eq. 3.3) loss on
EER.

ing both the enhanced classification capability of AAMSoftmax and the distinctive
feature separation ability of SupMarginCon. This combination not only results in
tighter speaker clusters but also leads to clear boundaries between different speakers.
This enhanced clustering confirms the effectiveness of our model in distinguishing be-
tween different speakers and further validates the efficacy of our proposed contrastive

learning approach.

3.3.9 Effect of Number of Positives

We investigated the effect of positive samples by incrementally increasing their num-
ber up to k per anchor. It is important to ensure that these samples do not appear
in the denominator of the loss function in Eq. 3.3. This exclusion ensures that the

model does not consider them negative.

We utilized the ECAPA-TDNN encoder and conducted experiments on the VoxCeleb1
dataset with a batch size of 1024. We trained the network for 300 epochs. Fig. 3.7
shows the results. A noticeable trend emerges from the result: introducing more

positives consistently enhances the model’s performance. Therefore, we conclude that
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Figure 3.6: t-SNE plots of the embeddings of 20 speakers in VoxCelebl. Each color
represents one speaker. The graphs show the speaker clustering effects produced by
four different loss functions using the ECAPA-TDNN: (3.6a) AAMSoftmax (1st term
of Eq. 3.8), (3.6b) SupCon (Eq. 3.1), (3.6¢) SupMarginCon (2nd term of Eq. 3.8),
and (3.6d) our proposed loss (Eq. 3.8).

more positive samples encourage the encoder to give closely aligned representations,

resulting in compact speaker clusters in the embedding space.

3.3.10 Sensitivity of Temperature Parameter

The loss function in contrastive learning is typically constructed from a softmax
function of feature similarities to contrast between the positive and negative pairs,
with the similarity scaled by a temperature parameter 7 (see Eq. 3.1). We observe
that contrastive loss, a hardness-aware function, optimizes hard negative samples by
penalizing them based on their difficulty. The temperature parameter controls the
severity of penalties applied to the hard negatives. Specifically, a small tempera-
ture in contrastive loss results in stronger penalties on the hardest negative samples,
promoting greater separation in their local structure and a more uniform embed-
ding distribution. Conversely, with a large temperature, contrastive loss becomes less

responsive to hard negative samples, diminishing its hardness-aware characteristics
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Figure 3.7: EER versus the maximum number of positives in P(i). Adding more

positives reduces EER.

when the temperature approaches +o0o. The hardness-aware characteristic signifi-
cantly contributes to the efficacy of softmax-based contrastive loss. As demonstrated

in Fig. 3.8, a temperature of 0.07 leads to competitive SV performances.

3.3.11 Alignment and Uniformity Analysis

Alignment and uniformity are two closely related properties in contrastive learning
and serve as valuable metrics for evaluating the quality of representations. Specifi-
cally, alignment refers to how an encoder generates similar representations for similar
samples. It can be quantitatively defined by calculating the expected distance be-

tween the embeddings of positive pairs:

laign = B [|f(x) = f ()5 (3.9)

Z,Tp~Ppos

where p,,s denotes the distribution of positive samples. Uniformity refers to how

uniform the distribution of the embedding is, which helps preserve information. It is
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Figure 3.8: EER versus the temperature parameter 7 in the loss function in Eq. 3.3.
The results are based on an ERes2NetV2 speaker encoder optimized by minimizing

the total loss in Eq. 3.8 with A = 0.1.

defined as

Criform = 10g e 2 @-fWIi5 (3.10)

where pg.q represents the distribution of all data.

To evaluate the alignment and uniformity of our method, we conducted an assessment
using the CN-Celeb dataset. For every 10 iterations, we computed the alignment
and uniformity of SupMarginCon and compared them against the alignment and
uniformity of the original supervised contrastive learning. The results are presented in
Fig. 3.9. SupMarginCon consistently enhances alignment and uniformity throughout
the training process compared to supervised contrastive learning. These findings
validate the intuition behind our approach and indicate that incorporating margin

can significantly enhance the quality of speaker representations.
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Figure 3.9: The alignment and uniformity of SupCon (Eq. 3.1) and SupMarginCon
(Eq. 3.3). (3.9a) laign measures the alignment between positive pairs. (3.9b) luniformity
measures the uniformity of the embedding distribution. For both metrics, a lower

value indicates better performance.

3.3.12 Low-resource Scenario

We investigated the behavior of our loss under a low-resource scenario. To this end, we
applied our proposed loss on an ERes2NetV encoder using the CU-MARVEL dataset,
a Cantonese dataset for dementia detection [197]. It comprises 280 speakers with the
majority of audio recordings shorter than 2 seconds. We repurposed the dataset for

speaker verification, and the statistics of CU-MARVEL are shown in Table 3.6.

Table 3.7 presents the performance and the conventional methods on CU-MARVEL
version 0915. When using the ERes2NetV2 encoder with Fbank features, applying
data augmentation and utilizing the AAMSoftmax loss function results in an EER
of 6.80% and a minDCF of 0.74. When we employed the SupCon loss function, we
observed a significant performance improvement, achieving an EER of 5.95% and a
minDCF of 0.72. When we sequentially add margin and mutual information, perfor-
mance improves with each addition. We noted that under low-resource conditions,
contrastive learning loss outperforms classification-based loss. We attribute this per-

formance gain to the training objectives. Speaker verification is an open-set task
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where a limited number of utterances are insufficient to train a robust classifier for
unseen samples. However, the goal of contrastive learning is to enhance discriminative
ability, which allows it to perform better on unseen test datasets under insufficient

training data scenarios.

3.4 Conclusions

We introduce a supervised contrastive learning framework designed to learn discrim-
inative speaker representations. Our approach incorporates mutual information into
contrastive learning, enhancing speaker-related information. We use an angular mar-
gin to improve the discriminative power of the contrastive learning loss. These en-
hancements improve speaker representation learning. The experimental results from
CN-Celeb, VoxCeleb, and CU-MARVEL show that both techniques significantly en-
hance the performance of the speaker encoder in contrastive learning. On the low-
resource CU-MARVEL dataset, our contrastive learning method even outperforms

the classification loss.
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Table 3.1: Performance comparison of speaker encoders trained on VoxCeleb2 and
evaluated on VoxCelebl test sets (VoxCelebl-O, VoxCelebl-E, and VoxCelebl-H),
using various loss functions, including Cross-Entropy, AM-Softmax, AAM-Softmax,
and our proposed one (AAM-Softmax + supervised contrastive learning with margin

+ mutual information enhancement). The best results are highlighted in bold.

VoxCeleb1-O VoxCelebl1-E VoxCeleb1-H
Speaker Encoder | Loss function
EER (%) minDCF | EER (%) minDCF | EER (%) minDCF
Cross-Entropy 4.12 0.453 4.31 0.461 5.52 0.552
AM-Softmax 1.63 0.181 1.52 0.161 2.61 0.301
Res2Net [199]
AAM-Softmax 1.56 0.151 1.42 0.149 2.48 0.231
Ours (Eq. 3.8) 1.41 0.132 1.26 0.136 2.21 0.212
Cross-Entropy 3.95 0.431 4.16 0.441 5.21 0.531
AM-Softmax 1.26 0.121 1.26 0.121 2.11 0.201
ResNet34 [52]
AAM-Softmax 1.05 0.108 1.12 0.117 1.99 0.193
Ours (Eq. 3.8) 0.93 0.099 0.99 0.106 1.79 0.176
Cross-Entropy 3.71 0.411 3.86 0.421 5.91 0.511
AM-Softmax 1.06 0.121 1.16 0.121 2.01 0.201
ECAPA-TDNN (3]
AAM-Softmax 0.87 0.117 0.98 0.113 1.91 0.194
Ours (Eq. 3.8) 0.74 0.096 0.83 0.103 1.63 0.166
Cross-Entropy 4.51 0.391 3.66 0.401 4.61 0.491
AM-Softmax 1.01 0.101 1.06 0.105 1.81 0.192
ERes2Net [200]
AAM-Softmax 0.85 0.089 0.97 0.103 1.79 0.176
Ours (Eq. 3.8) 0.69 0.083 0.76 0.091 1.49 0.149
Cross-Entropy 3.31 0.371 3.46 0.381 4.31 0.471
AM-Softmax 0.71 0.095 0.91 0.101 1.61 0.181
CAM++ [36]
AAM-Softmax 0.66 0.087 0.82 0.095 1.59 0.164
Ours (Eq. 3.8) 0.59 0.076 0.71 0.086 1.36 0.136
Cross-Entropy 3.16 0.351 3.31 0.361 4.01 0.451
AM-Softmax 0.68 0.076 0.81 0.092 1.58 0.161
ERes2NetV2 [198]
AAM-Softmax 0.62 0.055 0.77 0.083 1.46 0.144
Ours (Eq. 3.8) 0.53 0.049 0.66 0.071 1.21 0.121
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Table 3.2: The performance of the proposed and conventional loss functions on the
CN-Celeb evaluation set using different speaker encoders. Each metric’s best result

is in bold.

CN-Celeb1-Test
Speaker Encoder | Loss function
EER (%) minDCF
Cross-Entropy 12.12 0.682
AM-Softmax 8.35 0.523
Res2Net [199]
AAM-Softmax 7.96 0.452
Ours (Eq. 3.8) 7.21 0.423
Cross-Entropy 11.95 0.663
AM-Softmax 7.39 0.507
ResNet34 [52]
AAM-Softmax 6.92 0.421
Ours (Eq. 3.8) 6.48 0.395
Cross-Entropy 11.63 0.651
AM-Softmax 8.08 0.442
ECAPA-TDNN (3]
AAM-Softmax 8.01 0.445
Ours (Eq. 3.8) 7.45 0.413
Cross-Entropy 10.84 0.623
AM-Softmax 7.11 0.468
ERes2Net [200]
AAM-Softmax 6.69 0.388
Ours (Eq. 3.8) 5.98 0.348
Cross-Entropy 10.51 0.602
AM-Softmax 6.93 0.451
CAM++ [36]
AAM-Softmax 6.78 0.393
Ours (Eq. 3.8) 5.95 0.353
Cross-Entropy 10.22 0.585
AM-Softmax 6.65 0.433
ERes2NetV2 [198]
AAM-Softmax 6.14 0.370
Ows (Eq. 3.8) | 5.73 0.341

43



Chapter 3. Mutual Information-Enhanced Contrastive Learning with Margin for
Maximal Speaker Separability

Table 3.3: Performance comparison of the proposed loss function and existing margin-

based and contrastive learning methods on VoxCeleb1-O.

VoxCeleb1-O
EER(%) minDCF

Speaker Encoder Loss Function

AMC-Loss [201] 2.54 0.195

Triplet (semi-hard) [111] 2.30 0.185

ECAPA-TDNN [3] | Ang-Prototy Loss [203] 1.19 0.113
CBRW-BCE [204] 1.10 0.088

Ours  0.74 0.096

NeXt-TDNN [84 AAMSoftmax [108 0.79 0.086
IM-ECAPA-SimAM [206 AAMSoftmax [108 0.79 0.064

CAM++ [36 AAMSoftmax [108 0.66 0.087
CAM++ [36 Ours  0.59 0.076

] [108]
] [108]
ECAPA++ [205] AAMSoftmax [108]  0.65 0.079
] [108]
]

Table 3.4: Ablation study of the proposed loss components on ERes2NetV2.

VoxCelebl-test CN-Celebl-test

Loss Components
EER (%) minDCF | EER (%) minDCF

AAM-Softmax 0.62 0.055 6.14 0.370
AAM-Softmax + MI 0.60 0.055 6.08 0.368
AAM-Softmax 4+ SupCon 0.57 0.053 5.90 0.350
AAM-Softmax + SupMarginCon 0.54 0.050 5.80 0.345

AAM-Softmax + SupMarginCon + MI (Ours) 0.53 0.049 5.73 0.341
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Table 3.5: Effect of increasing mutual information on contrastive learning. Results

are based on CN-Celeb1&2 or VoxCeleb2-dev for training and CN-Celebl-test or

VoxCelebl-test for evaluation.

VoxCeleb1-O CN-Celeb1-test
Model
EER(%) minDCF EER(%) minDCF
SimCLR 6.78 0.548 15.88 0.677
SimCLR~+MI 6.63 0.523 15.47 0.652
MOCO 7.46 0.627 16.17 0.706
MOCO+MI 7.34 0.608 15.89 0.692
SupCon 2.07 0.238 10.44 0.597
SupCon+MI 2.02 0.231 10.26 0.583
Table 3.6: Statistics of CU-MARVEL.
Data Split | # of Speakers # of Utterances # of Trials
Train 280 206,034 N/A
Test 53 43,319 400,000

Table 3.7: The performance of the proposed loss and conventional losses on CU-

MARVEL. Fbank features were used as the input to an ERes2NetV2 speaker encoder.

Loss Function EER(%) minDCF
AAMSoftmax 6.80 0.74
SupCon 5.95 0.72
SupMarginCon 5.72 0.71
SupMarginCon + MI 5.63 0.70
SupMarginCon + MI + AAMSoftmax (Ours)  4.98 0.67
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Chapter 4

Parameter-efficient Fine-tuning of
Speaker-Aware Dynamic Prompts

for Speaker Verification

4.1 Introduction

Applying pre-trained models (PTMs) to speaker verification (SV) is a promising di-
rection. The advantage of this approach is the ability to leverage knowledge from
large-scale speech datasets, enhancing the robustness of downstream SV tasks. How-
ever, full fine-tuning of PTMs is challenging as their size grows from hundreds of
millions to billions of parameters. For instance, Whisper [103] contains 1.55 billion

parameters.

Recently, researchers have proposed parameter-efficient transfer learning (PETL)
methods to tune PTMs using lightweight trainable parameters while keeping most
pre-trained parameters frozen [207, 208, 209, 210, 211]. Prompt tuning involves con-
catenating trainable prompt tokens with Transformer block’s inputs to facilitate few-

shot learning in speech recognition [212, 213], text-to-speech [214], and other speech
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processing tasks [1, 210, 215]. In particular, soft prompts can be appended to the
Transformer encoders’ input to incorporate additional soft constraints and biases,
thereby effectively adapting a Transformer model to a new domain without extensive

re-training or fine-tuning.

Recent studies have shown that directly updating trainable tokens may lead to unsta-
ble optimization and performance degradation [208, 216]. To tackle these challenges,
a prompt encoder, such as a multilayer perceptron (MLP), is employed to reparame-
terize the token embeddings [208, 217]. In speaker verification, static prompts often
lead to poor generalization to unseen speakers and reduced improvements even with
additional prompts or tunable parameters. The problem is that most methods as-
sociate the prompts with training speakers explicitly, leading to the static prompts
overfitting these speakers. Because each utterance has its own prompts, they tend to
be associated with the utterance rather than the speaker of the utterance, resulting
in poor generalization to unseen speakers. Consequently, increasing the parameters
in the prompt encoder does not guarantee the capture of more speaker information,

resulting in minimal improvements due to prompt underutilization.

We propose constructing speaker-trait-aware prompts to enhance the generalization
to unseen speakers and effectively utilize the prompt embeddings. The speaker-trait-
aware prompts have three advantages. First, recent research has shown that allowing
the prompts to learn the context from multiple instances can improve generalization
to unseen answers in visual question answering [218] and unseen classes in image
recognition [219] and reduce catastrophic forgetting in continual learning [220, 221].
Thus, allowing each prompt to learn from multiple instances can enhance prompt
generalization. Second, the speaker-trait-aware prompts can capture the complex
relationships between speakers, resulting in well-utilized prompt embeddings. Third,
by putting the well-utilized prompts into a prompt pool, we can improve performance

with fewer parameters, thereby enhancing the parameter efficiency of prompt tuning.

To create a prompt pool, we allow the learning of a set of dynamic prompts that guide
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a pre-trained Transformer to extract frame-level features that can generalize to un-
seen speakers. Specifically, prompts in the pool are organized in dynamic key-prompt
pairs, where the dynamic keys are the means of the Transformer encoders’ inputs
and the dynamic prompts are updated by minimizing the cross-entropy speaker loss.
A dynamic selection strategy is developed to find the appropriate prompts for each
training utterance. The prompt pool ensures that the shared prompts can encode
transferable knowledge across speakers and that the individual prompts can cap-
ture speaker-specific knowledge. The selected prompts are prepended to the Trans-
former encoders’ inputs, thus implicitly providing speaker-trait instructions to the

pre-trained model.

In summary, this work makes the following contributions:

e We leverage a speaker prompt pool to adapt PTMs. This new mechanism tack-
les prompt tuning challenges by introducing a prompt pool memory space, which
serves as parameterized instructions for pre-trained models to learn speaker

identity.

e Our query mechanism dynamically selects prompts relevant to speaker traits,
thereby effectively distinguishing speaker identity. This selection strategy mini-
mizes the interference from knowledge unrelated to speaker identity mixed into

speaker representations during optimization.

4.2 Methodology

Fig. 4.1 illustrates the proposed prompt tuning method. This section explains the
dynamic prompt selection and updating processes and how the prompts can be used

for adapting a pre-trained Transformer.
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Figure 4.1: Illustration of the dynamic prompt selection and updating processes.
First, we select a subset of prompts from a key-prompt paired pool using a query
mechanism. Then, the selected prompts are prepended to the input vectors of each
Transformer encoder. Finally, the extended vectors are fed into the encoders, and
the selected prompts in the prompt pool are optimized by minimizing the AAM-
Softmax loss. The objective is to select and update the prompts to guide the PTM’s

predictions.

4.2.1 Dynamic Prompt Pool

Because the speakers during inferencing are usually different from those for training
the speaker embedding network, letting the utterance-dependent prompts be opti-
mized for their respective speakers is not flexible. The limitation is that these prompts
are fixed after training and will be used as input to the respective Transformer lay-
ers during inferencing. However, these utterance-dependent prompts will limit the

model’s ability to generalize from seen to unseen speakers.

To overcome this limitation, we employ a dynamic prompt pool with each prompt
updated by multiple similar speakers. A dynamic selection strategy that finds the

closest match between the prompts and the Transformer encoding layers’ inputs de-
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termines the association between similar speakers and the prompts. This strategy

encourages knowledge sharing and avoids catastrophic forgetting.

We denote X; € RP*T as the output feature maps of the i-th layer of the PTM before
concatenating with the prompts. D is the number of output channels and 7' is the
frame count. We denote X, € RP*T as the CNN encoder’s output. The prompt pool
is defined as:

P:{PI,PQ,...,PM}, (4]-)

where M is the number of prompts in the pool and P; € R” xT" represents a single

prompt of length 7" with embedding size D.

4.2.2 Instance-wise Prompt Searching

As illustrated in Fig. 4.1, we employ a dynamic key-to-prompt searching strategy
to select suitable prompts for various inputs. The layerwise Transformer outputs
determine which prompts to choose via key-to-prompt matching. To achieve this,
we introduce a key function ¢: RT*” — RP”| encoding input X, to match the key’s
dimension, with k; = ¢(X;) € R”. Also we define a prompt function p: R”*P — RP
to map the prompt P; to a vector of D dimensions, i.e., p; = p(P;) € R”. Both p(-)
and ¢(-) are implemented by computing the mean along the time axis, meaning that

both functions do not have any learnable parameters.

For each key k;, we select a subset of prompts from P according to the similarity of
their encoded vectors p;’s to the key. We define {s;};'; as a set of N indices from
[1, M]. Given {s;}}¥,, we define Py = {P,,, P,,, ..., P,,} as the set of top-N prompts
chosen from P. For an input X;, we use k; = ¢(X;) as a key to select the top-IV

prompts by solving the following objective:

N
{si}l, = argmax Y Sim(q(X;),p(P.,))
(e} C[LM] =1 (4.2)

Psi:{Pszi,Psé7...,P1]'v}

s
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where Sim: RP x RP — R is a similarity function such as cosine.

4.2.3 Speaker Prompt Tuning

Speaker prompt tuning introduces learnable parameters into the Transformer’s input
space while freezing the PTM’s parameters during downstream training or PTM

adaptation.

We introduce a set of prompt embeddings for the i-th layer of a PTM, P, = {Ps;' €
RP*T".1 < t < N}, where N is the number of selected prompts. As illustrated in
Fig 4.1, prompts are inserted into each Transformer layer’s input space as learnable
D-dimensional vectors. With prompting, the Transformer encoder’s output at Layer
1 is:

Z, = Encoder <[Psi;Psé; . ,PS,fV;XHD =12 L (4.3)

where Z; € RP*(NT'+T) - Then, the first N1’ frames of Z; are dropped, and the
remaining 1" frames are assigned to X;. This process is repeated for Layer i + 1, with
a new prompt subset Pgi+1 prepended to X;. In Eq. 4.3, L is the number of encoder
layers, the colors e and e indicate learnable and frozen parameters, respectively. and

the symbol “;” denotes concatenation along the time dimension.

4.2.4 Optimizing the Prompts

The frame-level speaker embeddings Z,;’s at all encoding layers are linearly com-
bined to produce a frame-level speaker feature matrix H*. The matrix is then
passed to the speaker encoder g4 to give an utterance-level speaker embedding vec-
tor. For each training utterance, the speaker encoder’s parameters (¢), the selected
prompts {P,}~ ,, and the combination weights {w;}%, are updated by backpropa-
gation through minimizing the AAM-Softmax loss [108]. In Eq. 4.2, each prompt will

be updated by the utterances of some similar speakers in a mini-batch.
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4.3 Experiments and Results

4.3.1 Implementation Details

Pre-trained Model and Speaker Encoder. We chose HuBERT Large [136] and
WavLM Large [102] as the PTMs and ECAPA-TDNN ([3] as the speaker encoder.

Datasets. We used VoxCelebl-dev [193], CN-Celebl [195], and CU-MARVEL [197]
to fine-tune the PTMs and train the ECAPA-TDNN. CU-MARVEL, a Cantonese
dementia data comprised of 280 speakers, was repurposed for speaker verification
experiments. To create a challenging scenario, we trained the models on VoxCelebl-
dev and tested them on the VOiCES Challenge 2019 evaluation set (Voices19c) [222]

due to the drastic difference in their acoustic conditions.

Settings. We truncated each training utterance’s waveform to 2 seconds and used
mini-batches of 128 utterances for fine-tuning and training. We employed AAM-
Softmax [108], setting the margin to 0.2 and the scaling factor to 30. The learning
rate was reduced by 3% after each epoch. For HuBERT Large and WavLM Large,
the settings were L = 24 and D = 1024. We set 7" to 5, N to 3 and M to 15.

4.3.2 Results and Analysis

Table 4.1 shows that using a pre-trained model for frame-level feature extraction can
improve SV performance, particularly when fine-tuning the PTM is applied. Our
prompt pool performs well, utilizing fewer parameters than other parameter-efficient
methods. The performance improvement is attributed to our prompt pool, which dy-

namically learns speaker-aware prompts with significantly fewer tunable parameters.

We observed that full fine-tuning performs badly on the CU-MARVEL dataset, even
worse than the performance of the fixed model (without fine-tuning). We speculate

that this underperformance may arise from a language mismatch between the pre-
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Table 4.1: Results on the test sets of VoxCelebl, CN-Celebl, and CU-MARVEL.
Using HUBERT Large or WavLM Large as PTM and ECAPA-TDNN as the speaker
encoder. In the column “#Parames,” the first and second values are the number of
adaptation parameters in a single tuning architecture for fine-tuning the PTM and

the number of parameters in the ECAPA-TDNN] respectively.

VoxCelebl1-O CN-Celebl CU-MARVEL
PTM Fine-tuning Method #Params
EER(%) | minDCF | EER(%) ‘ minDCF | EER(%) | minDCF

- - 14.7M 2.96 0.30 12.49 0.67 7.20 0.77
Fixed 0.0M+14.7M 2.76 0.30 12.05 0.61 10.40 0.93
Full fine-tuning 316M+14.7M 1.98 0.22 10.51 0.60 11.65 0.98
Adapter 0.5M+14.7M 2.13 0.24 10.89 0.62 8.10 0.95

HuBERT Large
LoRA 0.5M+14.7M 2.38 0.23 10.48 0.60 9.11 0.92
Static prompt 0.6M+14.7M 2.26 0.23 10.69 0.59 8.31 0.88
Dynamic prompts (Ours) | 0.3M+14.7M 2.17 0.21 10.61 0.58 8.20 0.86
Fixed 0.0M+14.7M 1.94 0.22 11.17 0.59 6.66 0.88
Full fine-tuning 316M+14.7TM 1.39 0.16 10.47 0.56 9.09 0.94
Adapter 0.5M+14.7M 1.68 0.19 10.83 0.63 5.58 0.81

WavLM Large
LoRA 0.5M+14.7M 1.88 0.21 10.89 0.63 6.83 0.88
Static prompt 0.6M+14.7M 1.65 0.18 10.57 0.58 6.42 0.88
Dynamic prompts (Ours) | 0.3M+14.7M 1.51 0.17 10.38 0.59 6.62 0.83

trained model and the dataset and the limited number of speakers in CU-MARVEL.
This could negatively affect the pre-trained model’s parameters during full tuning. In
contrast, the larger speaker count of CN-Celeb facilitates the training of a more ef-
fective speaker encoder. Thus, this issue is less pronounced in the CN-Celeb dataset.
While LoRA is effective for natural language processing, its efficacy in speaker verifi-
cation is inferior, as shown in Table 4.1. The performance gap may be due to the focus
on capturing the phonetic properties of utterances during the pre-training phase [142].
In contrast, speaker verification demands discrimination between speakers, which is

not achievable by merely modifying the attention weights.
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Table 4.2: Ablation studies on VoxCelebl. The train and test data are VoxCelebl-dev

and VoxCelebl-eval, respectively.

Ablated component EER(%) | minDCF
w /o prompt pool 1.65 0.18
w/o key-value pairs 1.71 0.18
Dynamic prompts (Ours) 1.51 0.17

4.3.3 Ablation Study

Table 4.2 (row 1) shows that removing the prompt pool but using a set of static
prompts for each Transformer encoder layer leads to a significant drop in performance.
This performance drop indicates severe catastrophic forgetting and knowledge inter-
ference among speakers when using static prompts. Conversely, our prompt pool can

effectively encode speaker-specific knowledge.

Table 4.2 (row 2) demonstrates that randomly selecting the prompts from the pool
adversely affects performance. This result underscores the critical role played by the
key-prompt search to ensure that each prompt is adapted by a group of relevant
speakers whose speeches, after transformation by the Transformer encoders, are close

to the prompt.

4.3.4 Effect of Hyperparameters on Dynamic Prompts

Our prompt tuning has three key hyperparameters: prompt pool size M, single
prompt 77, and the prompt selection size N. Intuitively, M determines the capac-
ity of learnable prompts, 7" represents the capacity of a single prompt to encode
knowledge, and NT” represents the capacity of the layerwise prompts in adapting the

corresponding Transformer layer.

We fixed 7" to 5 and M to 15 and then continuously increased N to identify the
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Figure 4.2: Results on Voxceleb1-O. The training dataset is VoxCelebl-dev, and the
PTM is WavLM Large. The total length of the prompt is NT".

optimal prompt length. Results in Fig. 4.2 (upper panel) show that a too-small T”
negatively impacts performance, whereas an oversized prompt can lead to knowledge
overfitting. We hypothesize that optimal capacity for prompts is essential for encoding

specific aspects of shared knowledge.

We also set 7" to 5 and N to 3 and progressively increased M. Results in Fig. 4.2
(lower panel) suggest that enlarging the prompt pool size enhances performance,
demonstrating the necessity of a sufficiently large pool to encode diverse speaker-
specific knowledge. However, excessively increasing the prompt pool size does not

significantly enhance performance.

4.3.5 Generalization Analysis

We trained the model on VoxCeleb1 and tested them on the evaluation set of Voices19¢
(v19-eval), acknowledging the acoustic differences between VoxCeleb and VOICES.
Speech files in v19-eval-wpe were subject to weighted prediction error (WPE) process-
ing. Table 4.3 shows that adapters and static prompts yield similar results, whereas
dynamic prompts exhibit improvement. This result suggests that dynamic prompts

are better generalized to unseen speakers in different acoustic environments.
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Table 4.3: The performance of dynamic prompts and conventional fine-tuning meth-

ods on Voices19c. The train data is VoxCelebl-dev.

v19-eval v19-eval-wpe
Fine-tuning Method
EER(%) | minDCF | EER(%) | minDCF
Adapter 20.02 0.97 18.62 0.97
Static prompts 20.22 0.96 17.75 0.87
Dynamic prompts (Ours) 19.06 0.93 15.99 0.86

4.4 Conclusions

This paper introduces a dynamic prompt-tuning method for speaker verification.
Specifically, our dynamic prompts approach uses speaker representations as condi-
tions to generate speaker-aware prompts, avoiding implicit correlations with previ-
ously seen speakers. Furthermore, we employ a prompt pool to minimize the number
of tunable parameters without sacrificing the effectiveness of prompt embeddings.
Our experiments in various settings demonstrate that our method surpasses current

parameter-efficient baselines in speaker verification.
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Chapter 5

Spectral-Aware Low-Rank
Adaptation for Speaker

Verification

5.1 Introduction

The primary goal of parameter-efficient fine-tuning (PEFT) is to reduce the num-
ber of tunable parameters compared to full fine-tuning. This approach conserves
computational resources and enables easy sharing of lightweight, fine-tuned mod-
els [1, 142, 223]. Among these methods, the low-rank adaptation (LoRA) model [224]
stands out for its simplicity and effectiveness. LoRA tunes an additional, trainable
low-rank matrix, resulting in zero inference latency after integrating the adapter into
the pre-trained model. Since its introduction, several LoRA variants have emerged.
For instance, AdaLoRA [225], IncreLoRA [226], and DyLoRA [227] dynamically ad-
just the rank of the LoRA adaptation matrices to enhance tuning efficiency. A more
recent variant, DoRA [228], decomposes a pre-trained weight matrix into a magnitude

vector and a series of direction vectors.
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Although LoRA is simple and effective, its low-rank constraint may be suboptimal for
tasks that demand high representation capacity. In particular, for a rank r approx-
imation of a matrix W, the optimal solution corresponds to the largest r singular
values and their corresponding singular vectors—components that LoRA does not
explicitly leverage. This limitation implies that potentially valuable directions in the

parameter space, captured by these singular vectors, remain underutilized.

Previous research, such as [229, 230, 231, 232|, explored incorporating the spectral
information from the pre-trained model’s weight matrices into PEFT by introducing
a spectral adaptation mechanism that updates the top singular vectors of the pre-
trained weight matrices. Other studies [233, 234, 235, 236, 237] further exploited
the spectral space of pre-trained weight matrices, adjusting both singular values and
singular vectors during fine-tuning. These approaches focus on the spectral compo-
nents’ magnitude and directions, aiming for a more refined and effective adaptation.
Collectively, these works contribute to a deeper understanding of the relationship
between the spectral information of weight matrices and model performance. In this
work, we leverage the spectral information of the pre-trained weight matrices during

fine-tuning to enhance the model’s performance.

This chapter introduces a spectral fine-tuning (SpectralF'T) method based on low-
rank adaptation to adapt a pre-trained Transformer-based speech model for speaker
verification. Specifically, we decompose a weight matrix W using singular value de-
composition (SVD). Based on the magnitude of the singular values, W is divided into
two components: a principal matrix W), associated with the larger singular values,
and a minor matrix W,,, associated with the smaller singular values. The principal
matrix encapsulates the core of the pre-trained knowledge, and we approximate the
original parameter matrix W using this low-rank matrix W,. The principal matrix
W, is frozen, and low-rank adaptation is applied to adapt the singular vectors of W,
during fine-tuning. SpectralFT aims to effectively capture task-specific knowledge

during fine-tuning while preserving and leveraging the pre-trained information.
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Figure 5.1: The architecture of the proposed SpectralF'T. The principal singular
components (U,, V,, 3,) are retained to form a low-rank approximation of the original
weight matrix W, which is then fine-tuned using the principle of LoRA. During fine-
tuning, only the low-rank matrices By, Ay, By, and Ay are updated, while the
principal matrices U, and V, remain frozen. For the operations and principles of
the Transformer Encoder, Pre-trained Network, and Speaker Classifier, readers are

referred to [1, 2].

5.2 Methodology

As shown in Fig. 5.1, we utilize SVD to decompose the pre-trained weight matrices,
exploring the mechanisms of LoRA within the SVD framework. Our method strikes
a good balance between preserving the generalization capacity of the pre-trained

parameters and enabling task-specific adaptation.

5.2.1 Low-Rank Adaptation

LoRA [224] assumes that the updates to a pre-trained weight matrix W, € R™*"
are low-rank, thereby allowing the changes to be represented by two trainable low-

rank matrices: B € R™*" and A € R™*". Specifically, the updated weight matrix is
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Chapter 5. Spectral-Aware Low-Rank Adaptation for Speaker Verification

expressed as:

W =W, + AW = W, + %BA, (5.1)

where AW represents the weight updates. Here, a and r are hyperparameters con-

trolling the scale and the LoRA rank, respectively, with » < min(m,n).

The pre-trained matrix W{ remains fixed during fine-tuning, which significantly re-
duces the number of trainable parameters, as both A and B are low-rank matrices.
The B matrix is initialized to zero, while the A matrix is initialized using a Gaussian
distribution with zero mean and unit variance. This initialization strategy ensures
that AW = 0 at the start of fine-tuning. Because LoRA only modifies the linear
matrices in the Transformer model, the low-rank matrices BA’s can be seamlessly
merged into the pre-trained linear matrices. This property results in no additional

computation or GPU memory during inferencing.

However, the vanilla LoRA method, which constrains updates to a fixed low-rank
subspace, presents a significant limitation. Specifically, the low-rank nature of LoRA
restricts the difference between the fine-tuned weight matrix Wy + B A and the
pre-trained weights W to a low-rank matrix. This constraint severely limits LoRA’s

ability to fine-tune a model to arbitrary target tasks.

5.2.2 Singular Value Decomposition

Given a matrix W € R™*" its SVD is denoted as W = UXV, where U =
[wy, ug, ..., Uy € R™™ and V' = [vy,vs,...,v,] € R"". The columns of U are
the left singular vectors, and the columns of V' are the right singular vectors. The

diagonal matrix 3 € R™*" contains the singular values of W' in descending order.

This decomposition can also be reformulated in matrix form. The matrix U can be
column-wise partitioned into a principal matrix and a minor matrix: U = [U,, U,,],

where U, = [u1,us,...,u;] and U,, = [Wrt1, Ukt2, ..., Uy] are the left singular
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vectors corresponding to the principal and minor singular values, respectively.! The
matrices V' and X are partitioned similarly. Thus, the SVD of W can be expressed
as:

W =USV'=U,S,V,+U,%,V, =W, +W,,. (5.2)

5.2.3 Spectral Fine-tuning

Inspired by the parameter efficiency of LoRA and the close connection between matrix
rank and spectral representation, we explore a spectral fine-tuning mechanism. The
idea is to apply SVD to a pre-trained model’s weight matrix, followed by fine-tuning
the principal columns of the singular vector matrices. To this end, we approximate
the SVD of a weight matrix W by the spectral representation of W), in Eq. 5.2, i.e.,
W=UXV'T~ UpEprT. We define the additive spectral adapter as

SpectralFT(W) : = [U, + Ay]S,[V, + Ay]T, (5.3)

where U, € R™** and V,, € R™* represent the top-k columns of U and V, respec-
tively. The adaptation set A = {Ay, Ay} consists of trainable matrices with the
same dimensions as U, and V,,, respectively. As observed in LASER [238], the minor
singular components of a weight matrix often contain noisy information, whereas the
principal singular components capture important features across tasks. Therefore, we

discard U,, and V,, in Eq. 5.2.

To leverage the advantage of LoRA, we define Ay = 2By Ay, where By € R™"
and Ay € R™* such that r < k. The matrix By is initialized to zero, while Ay
is initialized using a Gaussian distribution. The adapter weights By and Ay are
initialized such that By Ay = 0. The same strategy is applied to Ay = 2By Ay,
where By € R™" and Ay € R™*. During training, only the elements of By, Ay,

By, and Ay are updated.

1The subscript of a matrix (e.g., p and m in U, and U,,) is used for naming the matrix, whereas

the subscript of a vector (e.g., k in ug) represents the vector’s position in a matrix.
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5.2.4 Computation Considerations

We propose incorporating spectral information into the fine-tuning process for the W,
and W), matrices in the attention mechanism of the Transformer model. Our method
allows for flexible parameter budgets by adjusting the values of r and k. Specifically,
we fine-tune the top-k columns of U and V using additive tuning, which requires

storing only By, Ay, By, and Ay.

The only overhead is the runtime and GPU storage during training. Because our
method involves only matrix multiplication during the forward pass, it should run as
efficiently as LoRA. While the SVD process may introduce some runtime overhead,
it is a one-time operation per model and can be reused for subsequent fine-tuning on

different downstream tasks.

5.3 Experiments and Results

5.3.1 Implementation Details

We selected HuBERT-Large [136] and WavLM-Large [102] as the pre-trained models
(PTMs) and ECAPA-TDNN [3] as the speaker encoder. VoxCelebl-dev [193] and
CN-Celebl [195] were used to fine-tune the PTMs and train the ECAPA-TDNN.
We truncated each training utterance to 2 seconds and used mini-batches of 256
utterances for fine-tuning and training. AAM-Softmax [108] was employed with a
margin of 0.2 and a scaling factor of 30. The rank r was set to 16, and the number

of top singular vectors k& was 256.
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5.3.2 Results and Analysis

Table 5.1 shows that utilizing a pre-trained model for frame-level feature extraction
enhances SV performance (compare Rows 1, 2, and 3), especially after fine-tuning
the pre-trained models. We compare our approach with three widely used parameter-
efficient fine-tuning methods: Adapter [207] (results extracted from [2]), static prompt
tuning [1] (results extracted from [2]), and LoRA (results extracted from [2]) which
was used to fine-tune the W, Wj,, and W, matrices in the attention mechanism, with
the scaling factor (2 in Eq. 5.1) set to 0.1. The results demonstrate that our pro-
posed method outperforms all others on both datasets, with the improvement being
particularly pronounced compared to traditional LoRA. This advantage arises from
the SVD being able to preserve the most critical features relevant to speaker char-
acteristics while ignoring the unimportant factors that may negatively affect speaker
verification. Therefore, the SVD provides a top spectral space that is more relevant
to speakers for LoRA-style fine-tuning. With & > r, SpectralF'T can maintain suffi-
cient spectral contents without overparameterizing the LoRA adaptation matrix, an

important advantage of SpectralF'T over conventional LoRA.

5.3.3 Investigating Different Rank Settings

We examined the impact of varying the rank r on the fine-tuned WavLM-Large model.
As shown in Fig. 5.2, SpectralF'T with a rank of 16 yielded the best performance. The
results indicate that selecting an appropriate rank is crucial for good performance
when fine-tuning with SpectralF'T. Insufficient rank means the subspace for fine-
tuning the weight matrices is too restrictive, causing the fine-tuned model to fail to
adapt to the downstream task. Conversely, while a higher rank allows the model to
capture more details about the downstream task, it may also result in overfitting by
learning noise from the adaptation data. Our results show that a rank of 16 strikes a

good balance, suggesting that a moderate model capacity is sufficient to capture key
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Table 5.1: Performance on the test sets of VoxCeleb1 and CN-Celeb1, using HuBERT-
Large or WavLM-Large as PTM and ECAPA-TDNN as the speaker encoder. Row 1
uses Filterbank features as input to the ECAPA-TDNN. Results based on full fine-
tuning are in italics. They are expected to be the best. The best results based on

other fine-tuning methods are in bold.

VoxCeleb1-O CN-Celebl
PTM Row Fine-tuning Method
EER(%) | minDCF | EER(%) | minDCF
None 1 None 2.96 0.30 12.49 0.67
2 None 2.76 0.30 12.05 0.61
3 Full fine-tuning 1.98 0.22 10.51 0.60
4 Adapter [2] 2.13 0.24 10.89 0.62
HuBERT-Large
5 | Static prompt tuning [2] 2.26 0.23 10.69 0.59
6 | LoRA (r=16, =0.1) [2] | 2.38 0.23 10.48 0.60
7 SpectralFT (Ours) 2.31 0.22 10.45 0.58
8 None 1.94 0.22 11.17 0.59
9 Full fine-tuning 1.59 0.16 10.47 0.56
10 Adapter [2] 1.68 0.19 10.83 0.63
WavLM-Large
11 | Static prompt tuning [2] 1.65 0.18 10.57 0.58
12 | LoRA (r=16, 2=0.1) [2] | 1.88 0.21 10.89 0.63
13 SpectralFT (Ours) 1.47 0.16 10.69 0.56

features while maintaining strong generalization ability.

5.3.4 Analysis of Principle Columns

We conduct experiments to investigate the influence of the number of singular com-
ponents on fine-tuning performance. We set the dimensions of the retained primary
singular value components (k) to 64, 128, 256, 512, and 1024. Table 5.2 shows that
the best results are achieved when retaining 256 components. A spectral space with

256 dimensions is enough because beyond which the singular values are too small for
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Figure 5.2: Results on VoxCelebl-O for different ranks, using WavLM-Large as the
PTM.

Table 5.2: Results on VoxCelebl-eval using different number of principal columns (k)

inU.

VoxCeleb1-O
No. of Principal columns k
EER(%) | minDCF
64 1.83 0.22
128 1.59 0.21
256 1.47 0.16
512 1.51 0.16
1024 1.58 0.18

the spectral space to focus on the speaker features. The variation in the low spectral

space contains more noise, which could interfere with the speaker verification task.

5.3.5 Analysis of the Effect of Singular Vectors

To explore the effect of different singular value settings, we conducted experiments
in which only the principal singular components were retained, and we denoted the
subspace as “UpEpV;)T”. We explored the effect of having Ay and Ay in Eq. 5.3. In

the third row of Table 5.3, we used both the principal and minor singular components,
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Table 5.3: Results of different subspace fine-tuning strategies on VoxCelebl-eval,
using WavLM-Large as the PTM.

Subspace Ay and Ay VoxCeleb1-O
Principal |  Minor | (in Principal Subspace) | EER(%) | minDCF
U,x,V,’ None v 1.47 0.16
U,x,V,! None X 1.60 0.17
UV, | U, X, V,, v 1.65 0.17

Uuxzv? X 1.68 0.20

fine-tuning the primary singular value components U, and V,,, while keeping the
minor components U,, and V,, frozen. In the fourth row of Table 5.3, we considered

performing SVD on the weight matrices as the baseline and denoted it as “UXV T,

The results presented in Table 5.3, comparing the first and second rows, illustrate
the effectiveness of applying our SpectralF'T method. Comparing the first and third
rows indicates that incorporating U,, and V,, led to a decline in performance, as
U,, and V,, introduced more speaker verification-unfavorable noise. Comparing the
first and fourth rows demonstrates that retaining the principal singular components,
discarding minor singular components, and applying SpectralF'T can significantly

improve performance.

5.3.6 Analyze the Fine-tuning Positions

To identify the most effective weight matrices for spectral fine-tuning, we apply Spec-
tralF'T progressively to W,, Wj, and W, in the Transformer attention mechanism.
We also compared the results with other low-rank approximation fine-tuning meth-
ods, specifically LoRA and DoRA. In Table 5.4, r represents the rank, and « rep-
resents different scaling factors in Eq. 5.1. The experimental results indicate that

the best performance is achieved when fine-tuning the W, and W, matrices. In
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Table 5.4: Results on the test sets of VoxCelebl with fine-tuning different weight

matrices.
Methods Weight Type VoxCeleb1-O
W, | W, | W, | EER(%) | minDCF
I X X 1.59 0.19
LoRA (r=16, 2=1) I VX 1.58 0.18
A A 1.88 0.21
oI X X 1.67 0.19
DoRA (r=16) V| v | x| 154 0.17
I VY 1.65 0.18
I X X 1.60 0.18
SpectralF'T (r=16, 2=1) | v | v | X 1.47 0.16
A A 1.64 0.19

Transformer-based models, the W, and W), matrices are responsible for computing

attention scores, which determine how the model selects information from the input

data. By adjusting the W, and W}, matrices, SpectralF'T' can more precisely control

the attention without altering the value matrix W,,.

5.4 Conclusions

In this work, we explore integrating spectral information from the pre-trained model

weight matrices into existing PEFT by introducing a spectral adaptation mechanism

that updates only the top singular vectors of the pre-trained weight matrices. Em-

pirically, we demonstrate the superiority of our proposed spectral adaptation method

over various recent PEFT approaches through extensive experiments.

67



Chapter 6

Disentangling Speaker and Content
Using Latent Diffusion

6.1 Introduction

A speech signal is represented as a one-dimensional waveform. Despite its appar-
ent simplicity, a speech waveform encodes a wealth of high-level information such
as phonemes, tone, emotion, gender, and speaker identity. However, attributes
like speaking style, prosody, recording conditions, and noise levels are challenging
to annotate [165, 239, 240]. To extract accurate speaker representations, existing
methods employ phonetic content representations as a reference for speaker em-
beddings. Specifically, these methods include: (1) leveraging pre-trained automatic
speech recognition (ASR) models [143, 241, 242] and (2) utilizing jointly trained multi-
task models with additional modules for content representation [243, 244]. These
approaches demonstrate that incorporating content representations enhances speaker

recognition performance.

However, both strategies face limitations in practical applications. Pre-trained ASR

models significantly increase model size and computational complexity during infer-
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ence. Meanwhile, joint training with additional modules requires either a separate
dataset with both text labels and speaker identities or a unified dataset containing

both, which is often costly and challenging to obtain.

Disentangled representations have garnered considerable attention in recent research
due to their ability to capture distinct variations in data generation. These variations
often carry semantic meaning, facilitating the removal of irrelevant factors and reduc-
ing sample complexity for downstream learning tasks. In speaker verification, an ideal
disentangled representation can isolate time-invariant features (e.g., speaker charac-
teristics) from dynamic information (e.g., speech content). Moreover, downstream
tasks such as speech recognition and speaker classification can benefit significantly
from these representations by utilizing the separated components to improve repre-

sentation learning.

Recent studies have investigated disentangled representation learning through vari-
ational autoencoders (VAEs) [9, 245] and generative adversarial networks (GANs).
Models such as SpeechTripleNet [246], AnnealVAE [247], and JointVAE [248] set
channel capacity for distinct latent variables to promote disentanglement. Info-
GAN [249] divided the latent space and incorporated a mutual information regu-
larization term into the standard GAN loss to enhance disentanglement. Similarly,
Mathieu et al. [250] partitioned the encoding space into style and content compo-
nents, employing adversarial training to encourage data points within the same class

to share content representations while maintaining diverse style features.

Denoising diffusion models have recently demonstrated superior performance in dis-
entangled representation learning, offering more stable training and higher represen-
tation fidelity compared to GANs and VAE-based models. Diffusion models address
the challenge of representing complex, high-dimensional probability distributions by
decomposing the problem into 7" incremental steps. At each step, the model trans-
forms the noise data from a simpler distribution (e.g., the simplest Gaussian prior

at t = T) to a more complex one (e.g., the real data distribution at t = 0). This
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iterative inference and denoising paradigm enables the model to map a simple dis-
tribution to a complex one through gradual refinement over many steps. However,
the latent variables produced by diffusion models often lack high-level semantics and

other desirable properties, such as speaker features.

To overcome the aforementioned limitations, we condition a denoising diffusion im-
plicit model (DDIM) [251] on speaker features and propose a disentangled sequential
model that leverages the capabilities of the DDIM to learn multi-level representa-
tions. Specifically, we employ a learnable speaker encoder to capture utterance-level
speaker characteristics while the DDIM decodes and models the Gaussian variations
in data. A latent vector represents the speaker features, and additional frame-level
latent vectors capture dynamic information such as speech content. The DDIM’s for-
ward and generative processes are conducted within the joint latent space of speaker
features and speech content. We applied our proposed disentanglement method to the
speech representations generated by the pre-trained models WavLM [102] and Hu-
BERT [136]. Experiments conducted on the speaker verification datasets VoxCeleb

demonstrate that our method can effectively extract accurate speaker embeddings.

6.2 Methodology

We denote the input speech sequence as x1.y = (@1, %2,...,xyN), Where x; is the
filter-bank feature vector corresponding to the i-th frame, and N is the number of
frames in the sequence. To facilitate an informative global latent representation zp
for the decoding process, we introduce a conditional DDIM decoder, represented by
po(zi—1|2¢, fs). This decoder is conditioned on an auxiliary latent variable f; obtained
through a speaker encoder f; = Ency(a;.n), which maps the entire input sequence
1.y to speaker representation fs. f is fed into two linear heads to produce the mean
vector p, and standard deviation vector o,. Then, the speaker vector s is obtained

by sampling the Gaussian distribution defined by these mean and standard deviation
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Figure 6.1: The autoencoder comprises a speaker encoder, a content encoder, a con-
ditional DDIM, and a speech decoder. The speaker encoder utilizes an ECAPA-
TDNN [3] to transform the input speech x;.y into a speaker representation fs, which
is further transformed to p® and o® through two linear heads. Similarly, p{., and
o{.y can be obtained from a long short-term memory (LSTM) network with two linear
heads. The “Switch” module changes the dimension of input vectors. For notational
simplicity, we use the same symbols before and after the change of dimension. The
dotted brace represents Gaussian sampling, which is performed by a reparameteriza-
tion trick [4]. A conditional DDIM that serves as both a stochastic encoder zg — zr
and a deterministic decoder z;_; = Denoise(z;, fs,t). zo € R*P*N_ where D is the

dimension of ¢; and s. Similarly, zr, z7_1, ..., z; have the same dimensions as z.

vectors. The module “Switch” in Fig. 6.1 changes the dimension of s by repeating it
N times so that the resulting matrix can be concatenated with ¢;.n5. We refer to the

network in Fig. 6.1 as Disentengled Latent Diffusion—AutoEncoder (DLD-AE).

6.2.1 Speaker Encoder

We utilize an ECAPA-TDNN model [3] to transform the input speech sequence @1, x
to a representative vector fs. This vector captures crucial speaker information for the
DDIM decoder (the yellow boxes in Fig. 6.1), expressed as pg(2z:—1|2¢, fs), to perform
the denoising process and predict the output latent vector 2y = (2, fs). By condi-
tioning DDIM on an enriched information vector f,, we enhance the efficiency and

accuracy of the denoising operation, ultimately leading to a more reliable generation
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of latent representations.

6.2.2 Content Encoder

We employ an LSTM with two linear heads as the content encoder to transform .y
into ¢;.y, where ¢; denotes the dynamic state learned at frame i. We assume that each
¢; depends on the preceding dynamic variables, denoted as c; = {co, c1,...,¢i—1},

with Cy — 0.

6.2.3 Reverse Diffusion Process

Our proposed conditional DDIM’s reverse process utilizes the input 2, 1 = (24, f5),
which comprises the DDIM encoder’s output and speaker representation, to generate
an output latent vector. Using a denoising U-Net, each block of the conditional DDIM
decoder models the probability distribution py(z;_1|z, fs):

N(zi1; folz1, 1, fo),00T) if t =1,
po(zi-1|2e, fs) = e ' , (6.1)

QO'(zt—1|zt7 f¢9(zt7t7 fs)) otherwise

where o7 is set to 0. Following the approach in Song et al. [251], the inference

distribution ¢, in Eq. 6.1 is defined as follows:

o = N<Zt—1§\/ at—lf&(zt7 t, fs)

zZr — zi, t, I
+m‘ t \/O‘_Ife(at, ’f),afI)
V14— &y

where o is set to 0. We implement fy in Eqs. 6.1 and 6.2 using a noise prediction

(6.2)

network €y(z,t, fs):

2t — 1— OétEQ(Zt,t, fs)
Vai ’

where €y is implemented by a U-Net as shown in Fig 6.1.

fo(zi,t, fs) = Denoise(zy,t, fs) = (6.3)
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The training process involves optimizing the L£ppny loss with respect to parameters

6 and ¢:

T
Lppmr = ZEzo,et[ | €o(2s,t, fs) — € Hg ], (6.4)

t=1
where f; = Ency(@1.y), € ~ N(0,I), z; = \/arzo + V1 — ay€;, and T is an integer,
e.g., 100. Note that this simplified loss function optimizes the DDIM but does not

optimize the actual variational lower bound.

6.2.4 Disentangled Sequential Variational Autoencoder

We define the global latent representation as zg = (s, ¢1.y). Our formulation is based
on the intuition that sequence variations can be decomposed into time-dependent dy-
namic components {¢;} and a static component s. We assume independence between
the static variable s and the dynamic variables ¢;.y, implying p(zo) = p(s,c1.n) =
p(s)p(er.y). The static component remains constant across all frames within a given

utterance but differs across different utterances.

In a speech signal, the phonetic transcription governs the movement of the vocal
tract and the produced sounds over time, while the speaker’s identity remains fixed
throughout an utterance. Based on these assumptions, we derive the following com-

plete likelihood [164]:

p<m1:N7 ZO) - p(wlzl\ﬁ S, CI:N)

= p(s, ci.n)p(Trn]s, Ci:n) (6.5)
= p(s) HP(Ci|C<i)p($z’|370i)

We define p(s) in Eq. 6.5 as a standard Gaussian N (s;0, I). We assume that p(c;|c;)

follows a Gaussian distribution:
pleilec:) = N(ei; pilew), diag((oi(e<))?)), (6.6)
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where p;(+) and o7;(+) can be modeled by an LSTM followed by two linear heads. Since
both w;(+) and o;(-) are conditioned on the temporal context c;, their derivation at
frame i requires access to the history c.;. To sample ¢; from p(¢;|c;), ¢;_1 is first
passed through the LSTM cells to forward one step, generating p;(-) and o;(-) via
linear transformation layers. The reparameterization trick is then applied to draw a

sample from the resulting distribution [252, 253].

To derive latent representations solely from the observed data @.ny, where speaker
characteristics and content are entangled, we aim to learn a posterior distribution
q(zo|x1.v) that disentangles these two components. Specifically, we use variational

inference:
Q(zo|$1:N) = C_I(CLN, 8|$1:N)

= q(crn|zin)q(s|T1N) (6.7)
= Q(S\%;N) H Q(Ci\cqy €U1;N)-

The speaker latent posterior follows a Gaussian distribution:
q(slzin) =N (s p°(@1.n), diag{(o°(z1.1))*}) , (6.8)

where the mean and standard deviation vectors, p*(-) and o*(-), are modeled by an

ECAPA-TDNN [3] with two linear layers. Similarly, we define:
q(cileci, ein) = N (Ci; i (T1.n, c<i), diag{(of (z1.n, C<z‘))2}) ) (6.9)

where pé(-) and of(-) are obtained by passing the inputs c.; and x;.y through bidi-
rectional LSTMs, followed by an RNN and two linear layers. The reparameterization

trick is applied to sample s and {c¢;}Y,.

Previous studies have introduced similar parameterizations of dynamic variables through

recurrent networks [252, 253]. The standard approach for learning latent representa-
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tions is to maximize the evidence lower bound (ELBO) [9, 254]:

I%%XEiUl:NNPD(ml:N) QE(I(ZOWLN) 10gp<w1:N|Z02_E{L[Q(zOle:N) I p(’zO)l d

reconstru‘crtion term prior maggling term
(6.10)
where pp(@1.x) represents the empirical data distribution and KL[||-] denotes Kullback-

Leibler (KL) divergence. Under the assumption that s and ¢;.y are mutually inde-

pendent in the posterior, the KL-divergence term is simplified as

KL[g(zo|z1.n) || P(20)] =

KLlg(s[@1.n) || p(s)] + KL{g(er.n]z1n) || plern)];

(6.11)

where the second term is approximated using sampled trajectories of the dynamic

variables e;1.n.

We define the disentangled sequential variational autoencoder (DSVAE) loss as the
negative ELBO of the log-likelihood:

/CDSVAE = - EpD(wlzN)Eq(zdwl:N) llogp(ml:N|z0)]

+ KL[g(slzuy) || p(s)] (6.12)

+ KL[¢(e1.n|T1n) || p(CLNﬂ-

The first term in Eq. 6.12 corresponds to the reconstruction loss, while the next two
terms correspond to the KL divergence between the posterior and prior distributions
of the time-variant content embeddings {c;}}¥, (Eq. 6.7 and 6.9) and the time-
invariant speaker embeddings s (Eq. 6.8), respectively. Specifically, the reconstruction
loss is computed through the mean squared error (MSE) between the decoder outputs
and inputs. The KL divergence terms can be computed analytically as both the priors

and posteriors of s and {c;}¥, are assumed to be Gaussian distributed [255].
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6.2.5 Model Training

To ensure a meaningful condition for the speaker embedding s, we optimize the
speaker encoder using AAM-Softmax [108]. To train the network, we define the total
loss: the AAM-Softmax [108], DDIM loss (Eq. 6.4), and DSVAE loss (Eq. 6.12). The
last one can be treated as regularization. The combination can be implemented as

follows:
Lprpar = Laam-Softmaz + Lopiv + A psvak, (6.13)

where )\ is a hyperparameter that regulates the impact of sequential disentanglement.

During inference, only the speaker encoder is used to extract speaker embeddings.

6.3 Experiments and Results

6.3.1 Implementation Details

We trained our method on VoxCeleb2-dev and evaluated on the VoxCelebl [193, 194]
datasets for speaker verification. Features were extracted using HuBERT-Large [136]
and WavLM-Large [102], enhanced with SpecAugment [256]. The speaker encoder
was ECAPA-TDNN [3], and we applied four augmentation types (room impulse,
music, noise, babble) with a 0.6 probability each. Training used 3-second utterances
and the batch size was 256. We employed AAM-Softmax [108] (margin=0.2, scale=30)
and reduced the learning rate by 3% per epoch. Networks were optimized using Adam

with CosineAnnealingWarmRestarts [257].

6.3.2 Comparing with Existing Methods

To evaluate the effectiveness of our proposed DLD-AE, we compare its performance

with existing disentanglement techniques. As shown in Table 6.1, when using Fbank
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Table 6.1: Performance of the baseline models and the proposed DLD-AE on
VoxCeleb1-0O, VoxCelebl-E, and VoxCelebl-H. All experiments used ECAPA-TDNN
as the speaker encoder and were trained on VoxCeleb2-dev. Results were obtained
without AS-Norm [5, 6] nor quality-aware score calibration [7]. For RecXi, the results

are based on the setting RecXi(¢, ¢y) in [8].

VoxCeleb1-O VoxCelebl-E VoxCeleb1-H
Row | Input Feature | Disentanglement Method
EER(%) minDCF | EER(%) minDCF | EER(%) minDCF

1 None 1.12 0.145 1.25 0.142 2.43 0.239
2 Fbank RecXi + L (8] 1.19 0.107 1.29 0.141 2.46 0.227
3 DLD-AE (Ours) 1.01 0.101 1.28 0.153 2.35 0.213
4 None 0.91 0.119 0.99 1.146 2.35 0.252

HuBERT
5 DLD-AE (Ours) 0.88 0.088 0.91 1.011 2.05 0.231
6 None 0.85 0.113 1.12 0.091 2.06 0.197

WavLM
7 DLD-AE (Ours) 0.78 0.081 0.91 0.090 1.83 0.191

features, our DLD-AE (Row 3) outperforms the baseline ECAPA-TDNN (Row 1)
and achieves competitive results compared to RecXi (Row 2). This demonstrates the
effectiveness of our disentanglement framework in improving speaker verification per-
formance. The results also show that our disentanglement technique is particularly
effective when applied to pre-trained features, including HuBERT and WavLM fea-
tures. For example, with the WavLM features, DLD-AE (Row 7) reduces the EER to
0.78% on VoxCeleb1-O, compared to 0.85% without disentanglement (Row 6). A sim-
ilar trend is observed for minDCF. This improvement is attributed to our framework’s
ability to disentangle static speaker components, enhancing speaker recognition effec-
tively. The improvement highlights the importance of modeling the dynamic contents

in speech and disentangling the speaker and content representations.

6.3.3 Ablation Study

We conducted ablation experiments to investigate the importance of different com-

ponents in the proposed DLD-AE. We also conducted experiments using DSVAE
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Table 6.2: Ablation study on VoxCeleb1-O. DSVAE [9] incorporates AAM-Softmax.

R Input . | Method VoxCeleb1-O
oW isentanglement Metho
Feature EER(%) minDCF
1 None 0.91 0.119
2 DSVAE [9] 0.90 0.093
HuBERT
3 DLD-AE (w/o condition) 0.89 0.090
4 DLD-AE (Ours) 0.88 0.088
5 None 0.85 0.113
6 DSVAE [9] 0.83 0.094
WavLM
7 DLD-AE (w/o condition) 0.81 0.084
8 DLD-AE (Ours) 0.78 0.081

to perform the disentanglement, which is essentially a VAE-based disentanglement
without the diffusion process. Results are shown in Table 6.2. Comparing Row 6
with Row 5 in Table 6.2 reveals that adding the VAE can slightly improve perfor-
mance. However, a significant performance gain is observed when integrating the
diffusion processes into the VAE (Row 7). The best performance is achieved when
the diffusion processes are conditioned on the speaker embeddings (Row 8). The same

conclusions are obtained regardless of which pre-trained models were used.

6.3.4 Impact of A

The hyperparameter A\ in Eq. 6.13 controls the extent of DLD—-AFE’s contribution in
the proposed framework. We analyze the impact of varying A on SV performance. We
selected A ranging from 0.01 to 0.1, incrementing by 0.01 at each step. The results,
shown in Fig. 6.2, indicate that for both EER and minDCF, when WavLM is used as
the pre-trained model, the best performance is achieved at A = 0.01. For HuBERT,

the optimal result is observed at A = 0.02, with performance declining as ) increases.
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Figure 6.2: Results on VoxCeleb1-O for different A\ in Eq. 6.13, using WavLM Large
and HuBERT Large as the PTMs.

These findings suggest that placing excessive emphasis on sequence decoupling may

negatively impact the model’s ability to learn discriminative speaker embeddings.

6.3.5 Impact of Diffusion Steps

In our work, we employ DDIM for diffusion and denoising, which substantially reduces
the number of steps. Unlike standard DDPM, which often requires hundreds or even
thousands of iterative steps, DDIM can generate high-quality samples in just a few
dozen steps. This efficiency is achieved through an explicit inference process that
reduces the random noise term, making each step more efficient and accurate. As
illustrated in Fig. 6.3, the optimal performance is achieved with 10 steps, while for

HuBERT, the best results are obtained using 20 steps.

6.4 Conclusions

This paper proposes a sequential disentanglement framework based on a latent diffu-
sion model (DLD-AE) to decouple speaker traits from content factors, leveraging only
speaker traits for speaker verification. Using WavLM and HuBERT as pre-trained

models to extract frame-level features and the latent diffusion model for speaker-
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Figure 6.3: Impact of diffusion steps on VoxCeleb1-O using WavLM-Large and Hu-
BERT as pre-trained models.

content disentanglement, our method achieves the best performance on the VoxCeleb1
test set. Experimental results demonstrate the effectiveness of incorporating sequen-

tial disentanglement with pre-trained models for extracting discriminative speaker

embeddings.
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Chapter 7

Conclusions and Future Works

7.1 Conclusions

In this thesis, we addressed several critical challenges in speaker representation learn-
ing and proposed innovative solutions to improve the robustness, efficiency, and gener-

alizability of speaker embedding networks for verification. Our contributions include:

e A supervised contrastive learning framework that integrates an additive angular
margin and maximizes the mutual information between acoustic features and
speaker representations. This approach effectively reduces intra-class variation

and enhances inter-speaker separability.

e Parameter-efficient fine-tuning strategies for pre-trained Transformer models.
By using dynamic prompt tuning and incorporating spectral information into a
LoRA-based adaptation process, our approach efficiently extracts task-relevant

features while reducing computational and storage overhead.

o A diffusion-based method within a variational autoencoder framework was de-

signed to disentangle speaker timbre from spoken content. By leveraging a
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conditional diffusion model in the latent space, our method produces content-

invariant speaker embeddings that are resilient to language mismatches.

Extensive experiments on VoxCeleb, CN-Celeb, and CU-MARVEL benchmarks val-
idate that these contributions significantly improve speaker verification performance
by addressing the limitations of softmax-based classification and the challenges asso-

ciated with directly applying pre-trained speech models.

7.2 Future Works in Speaker Representation Learn-
ing

Speaker-specific features are speech characteristics inherently tied to an individual’s
physiology and speaking habits. Such features often provide speaker-discriminative
cues, including formant distributions, spectral-temporal patterns, and utterance-level
statistics (e.g., average pitch, pitch range, and temporal energy profiles). These
features are relatively stable across sessions and content. Speaker-specific features are
those that not only reflect personal traits but also maximize inter-speaker variability
while minimizing intra-speaker variation. Deep neural networks can capture speaker-
specific features through frame-level embedding that preserve fine-grained timbre and
articulation cues and utterance-level embeddings that aggregate prosodic and stylistic

patterns.

While existing representation-learning models can reliably capture many robust acous-
tic—spectral cues (e.g., spectral envelope, formant structure, harmonic patterns), they
often fail to preserve more subtle, context-dependent features. For example, fine-
grained voice-quality measures such as jitter, shimmer, and breathiness are frequently
underrepresented [258]. Similarly, speaker-specific prosodic tendencies—such as char-
acteristic intonation patterns or microl-level articulation habits—are often entangled

with linguistic content in speech and may be suppressed by content-dominant repre-
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sentations [164]. Existing models also struggle to disentangle speaker identity from
language- or phoneme-dependent variations, leading to reduced robustness in cross-

lingual or cross-content scenarios [259, 260].

Despite the advances presented in this work, several challenges remain that open

promising avenues for future research. They are briefly outlined below.

Explainability. While deep neural network-based speaker representation models
achieve strong performance, their decision processes remain largely opaque. Future
work should focus on enhancing the interpretability of learned embeddings by inves-
tigating what speaker-specific cues are actually captured in the latent space. For
instance, experiments could vary the jitter and shimmer in the input speech and
observe how such perturbations influence inter- and intra-speaker variability in the
latent space. Such studies will provide empirical evidence on which types of acoustic-

prosodic traits are robustly encoded and which types could be easily lost.

Leveraging Large-Scale Pre-training. Pre-trained speech models offer robust
feature representations, yet their direct application to speaker verification is limited
by the dual nature of speech signals—carrying both speaker identity and linguis-
tic content. Future research should develop self-supervised representation learning
methods specifically tailored to speaker verification. Moreover, while the model is
developed for speaker verification, an interesting future direction would be to inves-
tigate whether disentangling speaker timbre from spoken content also benefits ASR

tasks. We leave such evaluations for future work.

Cross-Modality Learning. Recent advances in large language models have opened
up opportunities for cross-modal approaches. Investigating methods that translate
speaker representations into textual descriptions and vice versa can enhance inter-
pretability and adaptability. This direction promises to bridge the gap between
speaker characteristics and natural languages, potentially leading to more explain-

able systems.
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Privacy Protection and Ethical Issues. Since speaker data inherently includes
sensitive personal information, safeguarding privacy is paramount. Future studies
must refine techniques such as speaker anonymization to protect individual privacy

without compromising the utility of the data for downstream tasks.

Security: Attacks and Defenses. The advent of advanced voice synthesis tech-
nologies raises significant security concerns for speaker verification systems. Devel-
oping robust methods to distinguish between genuine and synthesized voices and
effective defenses against adversarial attacks are essential to maintaining system in-

tegrity.
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