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authenticate individuals based on their unique vocal characteristics.
This paper presents a comprehensive analysis of the evolution of
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speaker recognition systems, systematically comparing traditional
Speaker recognition, machine statistical techniques with modern deep neural network-based
learning, deep learning, MFCC, approaches in terms of robustness, scalability, and computational
Wav2Vec, CNN, systematic review efficiency. Historically, speaker recognition systems have relied on

statistical models, including Gaussian Mixture Models (GMMs), Hidden
Markov Models (HMMs), and Support Vector Machines (SVMs). While
these methods provide a reliable performance under controlled
conditions, they suffer notable degradation in the presence of speech
variability, environmental noise, and large-scale datasets. In contrast,
recent deep learning frameworks, including d-vector and x-vector
architectures, have achieved substantial performance gains, with
reported classification accuracies exceeding 99% in benchmark studies
and relative improvements of 10-30% over traditional methods.
Furthermore, speaker verification research increasingly emphasizes
metrics such as Equal Error Rate (EER) and minimum Detection Cost
Function (minDCF), with state-of-the-art systems reporting EER values
as low as 3-4% and minDCF scores below 0.03 in challenging
evaluation conditions. Key challenges, including spoofing attacks,
dataset bias, multilingual variability, and privacy preservation, are
critically examined. Based on the reviewed findings, this study
concludes that deep learning-driven speaker recognition systems offer
superior performance and adaptability for real-world deployment.
Future research should focus on the ethical use of data, bias mitigation,
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and the development of lightweight yet secure models suitable for
global and resource-constrained environments.

1. Introduction

Speaker recognition, a crucial technology in biometric authentication, has attracted significant attention due to its
applications in security, biometric verification, and human-computer interaction. By analyzing vocal
characteristics, speaker recognition systems can verify or identify individuals within modern intelligent systems
[1]. Fundamentally, this technology involves identifying or authenticating individuals based on their unique vocal
traits. The field is divided into two primary tasks: speaker verification, which compares voice samples against a
claimed identity, and speaker identification, where a system determines the identity of an unknown speaker from
a set of known voices. Each person's voice possesses distinctive characteristics shaped by their physiology and
speaking habits, making it an effective biometric indicator. However, these vocal traits are not static; they can
fluctuate due to factors such as mood, health, background noise, and the recording device used. This variability
poses an ongoing challenge in developing highly accurate and robust speaker recognition systems.

Traditionally, speaker recognition relied on conventional statistical models, such as Gaussian Mixture Models
(GMMs) and i-vector frameworks [2]. While these methods established a solid foundation, they often struggled to
perform well under diverse real-world conditions. Variations in language, accent, background noise, and channel
interference hindered the ability of these traditional models to generalize effectively. The landscape began to
change with the advent of machine learning and, more recently, deep learning, which introduced new
opportunities for modeling complex patterns in speech data.

Modern systems utilize advanced architectures, including Deep Neural Networks (DNNs), Convolutional
Neural Networks (CNNs), and Recurrent Neural Networks (RNNs), to generate robust voice models that effectively
capture everyone’s unique vocal characteristics [3]. A significant breakthrough in this field is the x-vector
framework, which employs DNNs to produce compact yet distinctive voice representations. This model has
demonstrated enhanced performance not only in controlled environments but also shows improved
generalization across a diverse range of speakers and recording conditions.

Researchers are investigating methods to improve deep learning systems through advanced preprocessing
techniques, feature extraction methods, and hybrid model architectures to further boost performance. However,
challenges remain, particularly in developing systems that prevent fraud, maintain accuracy across various
languages and dialects, and operate effectively in diverse environments [4].

This paper aims to provide a comprehensive overview of the development of speaker recognition systems,
focusing specifically on the transition from traditional machine learning methods to advanced deep learning
models. By reviewing various architectures, techniques, and applications, we highlight the advantages and
challenges of current approaches. In doing so, we seek to identify key areas for future research and innovation,
with the goal of creating speaker recognition systems that are accurate, scalable, secure, inclusive, and capable of
performing effectively across a wide range of scenarios [5].

Unlike earlier reviews that focused mainly on x-vector and CNN-based systems, this study provides a broader
perspective by incorporating recent self-supervised models (e.g., WavLM, HuBERT) and hybrid architectures (e.g.,
ECAPA-TDNN, SincNet). It also identifies research gaps related to multilingual robustness, ethical considerations,
and on-device optimization, which have been underexplored in prior works.

2. Machine Learning Approaches

Traditional speaker recognition systems have historically relied on statistical and discriminative models such as
GMMs, Hidden Markov Models (HMMs), and Support Vector Machines (SVMs) [1], [5]. These models operate in
conjunction with handcrafted acoustic features, most notably Mel-Frequency Cepstral Coefficients (MFCCs) and
Perceptual Linear Prediction (PLP) coefficients, to capture the unique characteristics of each speaker’s voice. Each
method offers distinct advantages: GMMs effectively model complex feature distributions, HMMs excel at
capturing the temporal dynamics of speech, and SVMs provide robust classification capabilities in high-
dimensional feature spaces. The following subsections explore these approaches in greater detail, examining their
underlying principles, typical applications, and the limitations that have driven the evolution of modern speaker
recognition techniques.

2.1 Gaussian Mixture Models (GMM)

Gaussian Mixture Models (GMMs) represent the probability distribution of acoustic features, effectively capturing
speaker-specific characteristics. The GMM-Universal Background Model (UBM) has become a foundational
approach in this domain. Speaker models are adapted from the universal background model using Maximum A
Posteriori (MAP) adaptation. This method has proven effective, particularly when limited speaker-specific data is
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available. However, GMMs often struggle with channel variability and require large amounts of data to achieve
robust performance [5].

GMMs are widely used in speaker recognition and verification to represent the probability distribution of
acoustic features and to capture speaker-specific characteristics through a weighted combination of multiple
Gaussian components [5]-[8]. A GMM defines the likelihood of an acoustic feature vector x as:

K
p(z | A) = Zwk N (z; pre, Ei) 1)

k=1

where Kdenotes the number of Gaussian components, wyare the mixture weights satisfying YX_, w, =1,
U, represents the mean vector, and X denotes the covariance matrix of the k**Gaussian component.

The GMM-Universal Background Model (GMM-UBM) framework, has become a foundational technique in
speaker modeling. In this framework, a speaker-independent UBM is first trained using data from a large and
diverse set of speakers. Subsequently, speaker-dependent models are derived through Maximum A Posteriori
(MAP) adaptation of the UBM parameters to the target speaker’s data. This approach allows robust modeling even
when only limited speaker-specific data are available [5]-[8].

During verification, a likelihood-ratio test is used to compare the probability of an observed feature sequence
under the speaker model versus the background model, as given by:

A(X) =logp(X | As) — logp(X | Ausm) (2)

The GMM-UBM framework demonstrates strong performance under constrained data conditions due to the
statistical strength of MAP adaptation. However, its effectiveness is limited by channel variability and the need for
large training datasets to estimate reliable covariance matrices [6], [8]. These limitations have motivated a shift
toward deep learning-based architectures, such as i-vector and x-vector systems, which offer improved
robustness through hierarchical feature extraction and end-to-end training.

2.2 Hidden Markov Models (HMM)

Hidden Markov Models (HMMs) are highly effective for modeling temporal sequences, making them well-suited
for text-dependent speaker recognition tasks. They represent speech as a sequence of states with probabilistic
transitions, effectively capturing the dynamic aspects of speech [5]. However, despite their strengths, HMMs are
less effective in text-independent scenarios and are sensitive to variations in speaking rate and style.

Moreover, Hidden Markov Models (HMMs) demonstrate notable efficiency in text-dependent speaker
recognition scenarios. They function by capturing phonetic sequences through their hidden states and transition
dynamics, leveraging the stable lexical content inherent in these tasks [5]-[8]. These models are characterized by
their state transition probabilities, expressed as aij=P(qt+1=sjlqt=si), emission probabilities B={bj(ot)}, typically
modeled using Gaussian Mixture Models (GMMs) or neural networks, and initial state distributions n={m} [5], [7],
[8]. Fundamental algorithms in this domain include the forward algorithm, which calculates the likelihood P(OIA);
the Viterbi algorithm, used for decoding state sequences; and the Baum-Welch algorithm, which applies the
Expectation-Maximization (EM) method for parameter estimation. Nonetheless, ongoing research consistently
highlights the limitations of HMMs in text-independent environments, where variable speech content disrupts
state alignment, further complicated by variations in speech rate, style, and background noise [5]-[8]. Although
HMMs excel in temporal modeling for narrowly defined tasks, recent advancements increasingly favor deep
learning techniques, such as Deep Neural Networks (DNNs) and ResNeXt architectures, for text-independent
scenarios. This preference is driven by their robustness to variability and unpredictable conditions [5], [6].

2.3 Support Vector Machines (SVM)

Support Vector Machines (SVMs) are discriminative classifiers designed to identify the optimal hyperplane that
separates different classes. In the context of speaker recognition, SVMs have been employed using Gaussian
Mixture Model (GMM) supervectors as input features, effectively combining the generative modeling capabilities
of GMMs with the discriminative power of SVMs [5]. This hybrid approach has significantly enhanced
performance, particularly under challenging conditions. SVMs function as discriminative classifiers that optimize
class separation by finding a maximum-margin hyperplane in feature in the typically using the objective the
following:
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Here W denotes the weight vector, C is the regularization parameter, and _i are slack variables [5], [6]. SVMs are
often combined with GMM supervectors to improve speaker classification performance. The GMM supervector is
an adapted mean vector expressed as:

m = [l’LlT’l’l‘QT?""l’LM

T]T (4)
)

This approach is derived from speaker-specific generative GMMs. This integration allows the combination of
generative modeling (GMM) with discriminative classification (SVM) approaches [5]-[8]. The GMM-SVM
framework significantly enhances robustness, particularly in text-independent speaker recognition tasks, by
converting variable-length speech segments into fixed-length supervectors that effectively handle variations in
recording duration [7]-[8]. Despite these advantages, several limitations persist. The performance of SVMs can
deteriorate without proper hyperparameter tuning, and they may face computational challenges when processing
large-scale datasets—especially when compared to recent deep learning-based methods [8], [10]. Kernel
functions ¢(+) and soft-margin techniques are commonly applied to manage nonlinear separable data. Although
GMM-SVM systems have been foundational in speaker recognition, they are increasingly being replaced by neural
network-based embedding models such as Waveform-based Language Model (WavLM) and other deep learning
architectures [6], [9].

3. Deep Learning Approaches

The advent of deep learning has transformed speaker recognition by allowing models to automatically learn
complex and discriminative representations directly from raw waveforms or minimally processed acoustic
features [4]-[5]. Unlike traditional machine learning methods, which depend heavily on handcrafted features,
deep learning architectures can jointly learn feature extraction and classification within a unified framework. This
capability has significantly improved accuracy, robustness, and adaptability across real-world conditions.

3.1 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are well-suited for capturing local temporal and spectral structures in
speech signals. By applying convolutional filters over spectrograms or other time-frequency representations,
CNNs can detect speaker-specific patterns at multiple scales as shown in Fig. 1.

%-«--g-

Input Audio Preprocessing Mel-scaled CHN
spectogram

Fig. 1 Schematic diagram representing CNN-based audio classification adapted from [10]

Architectures such as ResNet and its variants (e.g, ResNeXt, Res2Net) have been adapted for speaker
recognition, offering enhanced representation capacity through multi-scale feature modeling and residual
connections [6]-[7]. These designs improve the system’s ability to capture fine-grained local patterns and broader
contextual cues. However, CNNs process input in relatively short receptive fields, making them less suited for
capturing the long-term temporal dependencies that characterize a speaker’s voice over an entire utterance.
Sequence modeling architectures such as Recurrent Neural Networks (RNNs) and Long Short-Term Memory
(LSTM) networks have been introduced to address this.
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3.2 Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM)

Building upon CNNs’ ability to extract local spectral features, RNNs and LSTMs extend the modeling horizon by
explicitly learning temporal dependencies across entire speech sequences. Recurrent Neural Networks (RNNs)
and Long Short-Term Memory (LSTM) networks are specifically designed to model sequential data, effectively
capturing temporal dependencies in speech. These architectures have been employed to learn speaker
embeddings from sequences of acoustic features, enabling the modeling of long-term temporal dependencies and
consequently improving recognition accuracy, as illustrated in Fig. 2.

LSTM

]
‘MW’“
A“:?'I;k RNN A“"ik LSTM i‘vy

\

OUTPUT

FC Layer

INPUT 15! Hidden 2" Hidden
Layer Layer

Fig. 2 A hybrid RNN-LSTM base model architecture [11]

For speaker recognition tasks, RNNs and LSTMs are particularly relevant, as they have proven instrumental
in capturing temporal dependencies in speech [9]. One of the mathematical foundations of RNNs is the hidden
state update:

hy = ¢(th$t F Whnhi—1 - bh) (5)

and the LSTM’s gating mechanisms, where the cell state is updated as follows:
ct=ftOc1+itO¢ (6)

Information flow is controlled by input, forget, and output gates [9]. By maintaining historical context through
recurrent connections, these architectures excel at processing sequential acoustic signals such as MFCCs. This
capability enables the extraction of speaker embeddings that capture long-term voice characteristics. Recent
research [12]-[14] indicates a shift toward convolutional networks and transformer-based designs (such as
WavLM and HuBERT), which demonstrate superior performance in speaker verification. Although RNNs and
LSTMs were previously the industry standard for temporal modeling [9], self-attention methods have become
widely adopted in contemporary systems [12]-[13] due to the inefficiency of RNNs and LSTMs in parallel
computing and their challenges in handling very long-range dependencies. Pure transformer architectures still
dominate state-of-the-art techniques [12]-[13]; however, hybrid designs that combine convolutional layers with
LSTM components remain in use in some research for integrated local and temporal feature extraction.
Nevertheless, the mathematical foundations of RNNs and LSTMs remain essential for understanding sequence
modeling in speech processing [9],[14]. Although these recurrent architectures effectively capture sequential
context, they can be computationally slow and sometimes inefficient in parallel processing, leading to interest in
alternative designs such as Time Delay Neural Networks (TDNNs), which retain temporal modeling capability
while improving efficiency.
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3.3 Time Delay Neural Networks (TDNN) and X-Vectors

Time Delay Neural Networks (TDNNs) model temporal context in speech without relying on recurrent
connections. Unlike RNNs, they enable parallel computation while effectively capturing relevant speech patterns
over time. TDNNs have become the industry standard for speaker embedding extraction, especially within the x-
vector framework [9]. To better understand the strength of TDNNs in speaker recognition, this section highlights
six key aspects: (a) their core principles, (b) their role in feature representation, (c) their temporal modeling
ability, (d) the x-vector embedding process, (e) their architectural variants, and (f) their integration with self-
supervised learning methods.

(a)

(b)

Core Principle

TDNNs process fixed-size temporal windows of acoustic frames to model local temporal dependencies.
This approach enables reliable speaker representation while maintaining computational efficiency.
Compared to traditional i-vector methods, the TDNN-based x-vector framework offers significant
improvements in robustness and discriminative power [9],[14].

Feature Representation

TDNNs effectively model local temporal patterns essential for speaker characteristics by applying
convolutional operations over fixed-size temporal windows of acoustic features, such as Mel-Frequency
Cepstral Coefficients (MFCCs) [9], [12], [14]. MFCCs are commonly used as input features because they
capture the short-term power spectrum of speech based on human auditory perception using the mel-
frequency scale. The conversion from linear frequency f(Hz) to the mel scale m is defined as:

f
= 25951 1+ — 7
m 0g1o ( { =00 (7)

The speech signal is segmented into overlapping frames and transformed into the frequency domain using
the Fast Fourier Transform (FFT). A set of triangular Mel filterbanks is then applied to the magnitude
spectrum to obtain the filterbank energies. These energies are converted to a logarithmic scale and
decorrelated through the Discrete Cosine Transform (DCT) to yield the MFCCs:

K
mn(k — 0.5
= glog(Sk)cos [%] , n=12,...,L (8)

where S,represents the mel-filtered spectral energies.

(c) TDNN Temporal Modeling

The x-vector framework, originally proposed in [9], [13], aggregates frame-level features through a
statistics pooling layer that computes both the mean and standard deviation of the frame-level
activations. The resulting fixed-dimensional embeddings, known as speaker embeddings, capture
distinctive speaker characteristics and demonstrate robustness against channel variability, background
noise, and emotional factors. The Time-Delay Neural Network (TDNN) architecture serves as foundation
of the x-vector system for speaker embedding extraction. Its design enables effective modeling of local
temporal dependencies within speech signals while maintaining computational efficiency. The
mathematical basis of TDNNs lies in temporal convolution, where a set of learnable filters w[k]is applied
to an input sequence x[t]within a defined temporal context window:

K

ylt] = Y @[t + kJw[k] )

k=—K

Here, x[t]denotes the input acoustic frame at time ¢, w[k] represent the learnable weights and is y[t]the
resulting output. This structure enables TDNNs to capture speaker-specific information across
consecutive frames, thereby forming a discriminative representation.
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(d)

(e)
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X-vector Embedding Process

The x-vector framework, originally proposed by [9], integrates a Time Delay Neural Network (TDNN)

with a statistics pooling layer that aggregates frame-level representations into fixed-length embeddings

by computing their mean and standard deviation. This process can be summarized as follows:

(i) Frame-level modeling: Time-Delay Neural Network (TDNN) layers extract local temporal features.

(ii) Statistics pooling: Aggregates variable-length frame representations into a fixed-length vector.

(iii) Fully connected layers: Transform pooled features into compact speaker embeddings that are used
for classification or verification.

Architectural Variants

Enhanced variants, such as Emphasized Channel Attention, Propagation, and Aggregation Time Delay
Neural Network (ECAPA-TDNN) is an enhanced version of the traditional TDNN designed for speaker
recognition. It introduces channel attention mechanisms and residual connections to focus on the most
informative features in the speech signal. In simpler terms, ECAPA-TDNN refines how the model
processes and aggregates speech features over time, allowing it to capture subtle speaker characteristics
more effectively [12]. ECAPA-TDNN leads to improved robustness and accuracy, especially in real-world,
noisy conditions.

(f) Integration with Self-Supervised Learning

Fig.

Recent studies show that TDNN x-vector systems benefit from self-supervised pretraining using models
such as Wav2Vec 2.0 and WavLM [12]-[14]. These pretrained models enhance representation quality,
particularly in low-resource or multilingual settings. Nevertheless, alternative feature-based systems,
such as CQCC-GMM, remain advantageous for anti-spoofing tasks [15]. This distinction highlights that
TDNN x-vector systems are primarily optimized for speaker discrimination rather than spoof detection.

3 illustrates the TDNN x-vector architecture used for extracting speaker embeddings. The process begins

with raw audio input, represented as a waveform, which is processed by a Time Delay Neural Network (TDNN)
composed of multiple layers that capture local temporal dependencies from fixed-size windows of speech frames.
The frame-level outputs are then aggregated through a statistics pooling layer, where the mean and standard
deviation are computed to summarize the entire utterance. This pooled representation is subsequently
transformed into a fixed-dimensional speaker embedding, depicted as a vertical bar, providing a compact and

discrimi

native representation for speaker verification and identification tasks.
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Fig. 3 x-vector TDNN embedding architecture [7]

Although TDNN-based x-vector systems remain highly competitive, their performance can be further
enhanced through large-scale self-supervised pretraining, as demonstrated by models such as Wav2Vec 2.0 and

WavLM.
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3.4 Self-Supervised Models: Wav2Vec2 and WavLM

Extending beyond supervised architectures like TDNNSs, self-supervised learning approaches exploit vast amounts
of unlabeled data to learn general-purpose speech representations. Self-supervised learning models, such as
Wav2Vec2 and WavLM, have been adapted for speaker recognition tasks [12]. These models are pre-trained on
extensive amounts of unlabeled data to learn general speech representations, which can subsequently be fine-
tuned for specific speaker recognition applications [13]. Wav2Vec2 has shown competitive performance in
speaker verification tasks. WavLM enhances Wav2Vec2 by integrating additional training objectives and
architectural improvements, resulting in further advancements in speaker recognition performance [14].

4. Datasets and Features

The success of a speaker recognition system hinges on the careful selection of datasets and feature extraction
techniques. These foundational elements determine how effectively the model can identify unique speaker
characteristics under varying conditions. In the following subsections, a comprehensive overview of the datasets
and features utilized in this study is provided to ensure robust and accurate speaker recognition.

4.1 Dataset

Research on speaker recognition is essential in the fields of biometric authentication, forensic applications, and
human-computer interaction. The National Institute of Standards and Technology (NIST) in the United States has
played a pivotal role in developing and evaluating speaker recognition systems [15]. For many years, NIST has led
the Speaker Recognition Evaluation (SRE) series, organizing competitions to assess and advance speaker
recognition technologies while fostering innovation in the field. These evaluations serve as a standard benchmark
for comparing the performance of various systems under controlled experimental conditions, making them highly
influential [16].

Additionally, the VoxCeleb Speaker Recognition Challenge (VoxSRC) was established to encourage further
research using the VoxCeleb dataset. Participants in VoxSRC utilize real audio, which typically includes
background noise, various recording devices, and diverse speech patterns, in their open-set speaker identification
and verification tasks. This work highlights the challenges faced by speaker identification systems in real-world
scenarios [17]. Although the VoxCeleb dataset has been extensively used and proven effective, studies indicate
that performance on this dataset is approaching its peak [14], [17]. Consequently, there is increasing emphasis on
exploring more challenging conditions, such as speech across multiple genres beyond interviews, and remotely
acquired far-field audio recordings.

This situation, which is inadequately represented in current benchmarks, introduces new challenges for
improving speaker identification techniques. The review covers standard datasets with speaker labels, as well as
specialized collections such as Gigaspeech and Wenetspeech, providing a comprehensive overview of the
resources available for speaker identification. Although these datasets sometimes contain obvious speaker
identifiers, they remain valuable for unsupervised or self-supervised learning methods and for developing
speaker representations, especially in less formal or unstructured data collection environments. Incorporating
these types of resources underscores the need for flexible and scalable training solutions that do not rely heavily
on manually labeled data.

Finally, speaker identification has evolved from a purely supervised discipline focused on assessment to a
more comprehensive field that addresses real-world complexities, diversity, and the need for continuous learning.
The emergence of resources such as VoxCeleb, along with a diverse array of data types, highlights a shift in
research toward improved generalizability and broader applicability. Fig. 4 illustrates the key differences between
two major types of speaker recognition datasets: NIST SRE and VoxCeleb.
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Speaker Recognition
Dataset and Challenges

NIST SRE VoxCelebl
VoxCeleb 2
Restricted. —_—
artif.'u?ial Collected from real
conditions —

world scenarios

High cost and
limited access VoxSRC

Additional datascts
1 (e.g Gigaspeech, Focus on

Wanetspeech) — Chal:ie_itl_ging
conditions

Additional datasets
(e.g Gigaspeech,
Wanetspeech)

Fig. 4 Comparison between the two main types of speaker recognition datasets: NIST SRE, and VoxCeleb

4.2 Features

Traditional features have achieved significant success; however, they often struggle to generalize across diverse
acoustic conditions and to capture the complex nonlinear patterns inherent in speech. This progress was initially
demonstrated by the emergence of d-vectors, followed by the development of x-vectors. Both approaches utilize
supervised learning to transform variable-length speech segments into fixed-length embeddings optimized for
speaker discrimination, representing significant advances in the field.

The x-vector model is one of the most prevalent and robust architectures in the field of speaker recognition.
It gained widespread acceptance through open-source implementations of efficient speech processing tools. The
framework begins by analyzing features at the frame level using sophisticated time-delay neural networks
(TDNNSs). It then aggregates temporal information through a statistical pooling layer, culminating in a fully
connected layer that transforms the segments into a dense, low-dimensional embedding space. To enhance
discriminative power, these embeddings are typically refined using margin-based loss functions, such as softmax
margin enhancement or angular margin loss. This approach effectively maximizes inter-speaker separability
while minimizing intra-speaker variability, significantly improving the accuracy and reliability of speaker
recognition and verification systems.

In scenarios with limited labeled data, combining supervised and unsupervised learning strategies has gained
significant attention. Techniques such as contrastive learning, cluster-based pseudo-labeling, and masked
prediction tasks—drawing inspiration from models like wav2vec and HuBERT—enable the extraction of rich
speaker representations from large amounts of unlabeled speech. This approach is particularly beneficial for
resource-poor languages and practical contexts where annotation costs are high, thereby improving the
applicability and effectiveness of speaker recognition technologies.

The field of speaker representation learning has gradually evolved from traditional, manually designed, rule-
based feature extraction methods to advanced deep learning paradigms that leverage sophisticated neural
architectures, innovative loss functions, and refined training strategies. This progression has significantly
improved the accuracy and robustness of speaker identification systems [19]. However, the field still faces critical
challenges, including enhancing adaptability across various domains, ensuring effective generalization to unseen
speakers and scenarios, and developing transparent, interpretable, and privacy-preserving embedding models
[20].

Fig. 5 shows the conceptual framework of speaker representation learning, which focuses on extracting
reliable features from speech while minimizing the effects of noise, emotion, and recording conditions. Earlier
methods relied on handcrafted features, such as MFCCs, PLP, and i-vectors. In contrast, deep learning approaches
now utilize learned representations, including d-vectors and x-vectors, through advanced models like ECAPA-
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TDNN, ResNet, and Conformers. This shift marks the transition from manual feature engineering to automated,
data-driven learning using deep neural networks.

Speaker Representation
Learning

e  Extracted from audio signals
e  Capture unique acoustic and physiological characteristics
* Robust to non-speaker variations

Hand-engineered Deep Learning
Features Approaches
. d-vectors
MFCCs x-vectors
PLP ECAPA-TDNN
i-vectors ResNet
Conformers
Hand-engineered Margin-based Decoupling Self-supervised learning
Features Functions Techni DANNs
echnique VAE:

Fig. 5 Conceptual framework of speaker representation learning, illustrating the evolution from
hand-engineered features to deep learning-based approaches

The goal is to develop discriminative and robust representations that are invariant to non-speaker variations
such as noise, emotion, or recording conditions. The diagram categorizes speaker representation methods into
two main approaches: hand-engineered features and deep learning-based techniques. Traditional methods rely
on features like MFCCs, PLP, and i-vectors, often combined with margin-based loss functions to enhance
discriminability. In contrast, deep learning approaches utilize representations such as d-vectors, x-vectors, and
advanced architectures like ECAPA-TDNN, ResNet, and Conformers. These methods frequently incorporate
decoupling techniques and self-supervised learning strategies, such as Domain-Adversarial Neural Networks
(DANNSs) and Variational Autoencoders (VAEs)—to improve robustness and generalization. This distinction
reflects the evolution of speaker recognition systems from manual feature engineering to automated
representation learning through deep architectures.

5. Performance and Comparison

A comparative analysis of recent speaker recognition studies is conducted in this paper, examining the variations
in feature extraction methods, model architectures, dataset types, speaker sample sizes, and performance
outcomes. Table 1 highlights the advancements in speaker recognition research, summarizing key developments
across feature extraction methods, model architecture, datasets, number of speakers, and reported performance
outcomes.

Table 1 Progress in speaker recognition: techniques, datasets, and performance

Author(s) Year Feature Model/Architecture Dataset No. of Result/
Extraction Speakers Performance
Fasounaki et al. 2021 MFCCs CNN LibriSpeech 251 99.5%
[19] Accuracy
Sreekanth [20] 2024 WavLM (self- TI-SV + password English >100 minDCF:
supervised) verification 0.029 (Track
1),0.142
(Track 2)
Nasretal. [21] 2021 MFCC + DNN Free-Spoken 6 93% Accuracy
Spectrograms Digit Dataset
Kohler & Imtiaz 2025 MFCC + PCA SVM LibriSpeech 245 96.91%
[22] (RBF Kernel) Accuracy
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Author(s) Year Feature Model/Architecture Dataset No. of Result/
Extraction Speakers Performance
Kim etal. [23] 2021 Spectrograms ACNN VoxCeleb >1000 86.51%
Accuracy,
EER: 5.68%
Tsai et al. [24] 2021 MFCCs GMM + HMM Self-generated 5 93.31%,
(Multilanguag 82.42%, EER:
e) 3.38%
Barai et al. [25] n.d. MFCCs VQ + UBM + GMM Self-generated 100 98% Accuracy
Keshavarzietal. 2024 Monosyllabic COPT Self-generated 31 85.2% -
[26] Test Words 96.6%
Accuracy
Chenetal. [27] 2024 WavLM SPRL Qualcomm 50 84.12%
Accuracy
Vasquez- 2023 MFCCs GMM + ANN USC-TIMIT 9 RMSE: Male
Serrano et al. 0.55-0.78,
[28] Female 0.86-
1.20
Liu etal. [29] 2023 Domain DANN Not specified - 95% Accuracy
Adaptation
Mavaddati [30] 2024 MFCC + CNN + RNN Multilang 50,000 98.78%
ResNet Accuracy
Alsobhani et al. 2021 - CNN + SVM Self-generated 30 97.06%
[31] Accuracy
Hassanzadeh et 2024 MFCC + LPC 1D-CNN + LSTM Multilang 630 95.22%
al. [32] Accuracy
Jahangir et al. 2021 MFCC, LPC, DNN, CNN VoxCeleb 1251 Not specified
[33] PLP
Anidjar et al. 2024 MFCC + Wav2Vec2 + CNNs VoxCeleb + 1172 99.59%
[34] Wav2Vec2 LibriSpeech Accuracy
Rani & Kumar 2024 LDAVGG16, Ensemble English 5 0.63 Error
[35] VGG19, ResNet Rate
Shome et al. 2024 Raw audio SincNet LibriSpeech 251 Not specified
[36]
S.Bini etal. [37] 2023 - ResNet-8 English 500 Not specified
Pham et al. [38] 2023 MFCCs + ECAPA-TDNN Vietnamese 1000 EER: 5.48%,
ECAPA-TDNN Accuracy:
41.61%
Noishin [39] 2022 MFCC CNN + LSTM TIMIT + 630 97.54%
LibriSpeech accuracy
Haris Isyanto 2022 DWT+MFCC CNN Indonesian 10 99.00%
[40] accuracy
Giovanni [41] 2023 MFCC CNN DEMoS dataset 58 90.15%
Rekha S. Kotwal 2024 Wavelet+CNN CNN+LSTM Emotional 24 81.22%
[42] Speech & Song
Dataset
Hrithik [43] 2021 MFCC+GFCC CNN Ryerson 24 92.59%
Audio-Visual
F. 2021 Speaker Domain adaptationin  Various in-the- - Improved
Bahmaninezhad embedding speaker embeddings wild datasets robustness in
etal. [44] space domain
adaptation
Abeer Ali [45] 2022 Mel DNN + CNN Mozilla - 98.57%
spectrograms Common Voice
+ MFCC dataset
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Based on the above table, we present a structured examination of recent advances in speaker recognition and
verification from 2021 to 2025 in the following sections. Our review considers the field from multiple
perspectives, including comparative evaluations of contemporary systems, the evolution of feature extraction
methods, the progression of model architectures, the influence of dataset diversity and scale, and the performance
metrics used to assess system effectiveness. This integrated approach offers a comprehensive understanding of
how recent innovations have influenced current capabilities and future directions in speaker recognition research.

5.1 Feature Extraction Techniques

Mel-Frequency Cepstral Coefficients (MFCCs) continue to be the most frequently adopted feature representation
([19], [21], [22], [24], [25], [30], [32]- [34], [37], [39] - [41], [43]) offering a reliable and compact characterization
of speech signals. Many studies further enhanced MFCCs by combining them with techniques such as Linear
Predictive Coding (LPC), Perceptual Linear Prediction (PLP), and spectrograms to capture richer acoustic
dynamics ([21], [32]-[33], [35], [42]). Notably, the field is experiencing a paradigm shift towards self-supervised
feature learning. Models leveraging WavLM and Wav2Vec2 embeddings have demonstrated improved
generalizability in multilingual and low-resource conditions. For instance, Anidjar et al. [34] reported state-of-
the-art 99.59% accuracy using MFCC and Wav2Vec2 on a combined VoxCeleb and LibriSpeech dataset, while Chen
et al. [27] and Sreekanth [20] utilized WavLM-based embeddings for speaker verification tasks, achieving low
detection cost and high accuracy.

5.2 Model Architectures

Convolutional Neural Networks (CNNs) and their variants dominate the architectural landscape due to their
ability to extract robust features from spectro-temporal representations ([19], [22], [30], [32], [37], [40]). Several
hybrid models that combine CNNs with Long Short-Term Memory (LSTM) or Recurrent Neural Network (RNN)
layers have demonstrated high accuracy by effectively capturing temporal dynamics ([32], [42]). Traditional
machine learning classifiers, such as Gaussian Mixture Models (GMM), Hidden Markov Models (HMM), and
Support Vector Machines (SVM), remain competitive when combined with robust feature engineering ([22], [24],
[25]). For example, Kohler and Imtiaz [22] employed an MFCC plus PCA feature pipeline with an SVM using a radial
basis function (RBF) kernel, achieving 96.91% accuracy on the LibriSpeech dataset. Deep ensemble strategies are
also emerging, as demonstrated by Rani and Kumar [35], who employed multiple CNN backbones (LDAVGG16,
VGG19, ResNet) and achieved an error rate of 0.63, indicating high accuracy even with small datasets.

5.3 Dataset Diversity and Scalability

Benchmark datasets such as LibriSpeech and VoxCeleb are prominently featured across multiple studies ([19],
[22], [33]-[34], [35]), with speaker counts ranging from 245 to over 1,200. The VoxCeleb dataset, used by Jahangir
etal. [33],Kim et al. [23], and Anidjar et al. [34], is notable for its large speaker diversity and real-world variability.
Self-generated datasets were commonly employed for language-specific or small-scale experiments ([24]-[26],
[31]-[32]), enabling precise control over acoustic conditions. Mavaddati [30] trained a CNN + RNN model on
MFCCs and ResNet features using 50,000 multilingual speakers and achieved 98.78% accuracy, highlighting the
impact of large-scale training.

5.4 Performance Metrics

A speaker recognition system'’s performance is typically evaluated using three primary metrics: Accuracy, Equal
Error Rate (EER), and Minimum Detection Cost Function (minDCF). Accuracy quantifies the proportion of
correctly classified samples among all test samples, offering a general measure of system reliability in
identification tasks. In contrast, EER and minDCF are more informative for speaker verification, as they assess the
trade-off between false acceptance and false rejection rates. The EER indicates the point where both error rates
are equal, the lower the EER, the more balanced and robust system. Meanwhile, minDCF, introduced in the NIST
Speaker Recognition Evaluations (SRE), integrates error rates with cost and prior probabilities, providing a more
realistic assessment of system performance under specific operational constraints.

After establishing these metrics, top-performing systems can be compared as follows: accuracy remains the
dominant evaluation criterion, with leading systems such as Fasounaki et al. [19] (99.5%), Anidjar et al. [34]
(99.59%), and Haris Isyanto [40] (99.00%) achieving outstanding results. However, speaker verification studies
have increasingly emphasized EER and minDCF. For example, Sreekanth [20] achieved a minDCF of 0.029 on Track
1 using WavLM-based embeddings, while Tsai et al. [24] reported an EER of 3.38% using a GMM + HMM
framework.
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6. Trends and Future Directions

Emerging trends indicate a strong interest in self-supervised learning (e.g., WavLM, Wav2Vec2), end-to-end deep
speaker embeddings (e.g.,, ECAPA-TDNN [38]), and ensemble learning techniques. As datasets become more
diverse and multilingual, robust domain adaptation and transfer learning strategies are essential. Hybrid
architecture combining classical and deep models, such as CNN + SVM [31], or DNN + CNN [45], continue to yield
strong results. Additionally, models using raw waveform inputs like Sinc-based Convolutional Neural Network
(SincNet) [36] and novel feature combinations such as DWT + MFCC [40] are showing promising results in niche
applications.

SincNetis a type of deep learning model designed to process speech directly from raw audio waveforms. Unlike
traditional models that rely on manually crafted features such as MFCCs or spectrograms, SincNet learns directly
from the raw sound itself. What makes it unique is the way it processes audio using sinc-based filters —
mathematical filters that mimic how humans perceive sound frequencies. Instead of treating audio like random
numbers, SincNet focuses on the frequency components that carry useful information, such as tone, pitch, and
timbre. Thus, it makes SincNet particularly effective in several areas — identifying who is speaking (speaker
recognition), recognizing the words being spoken (speech recognition), and understanding the emotional tone or
stress in a person’s voice (emotion recognition).

Building upon such advancements, recent studies have also explored hybrid extraction techniques, such as
combining Discrete Wavelet Transform (DWT) and Mel-Frequency Cepstral Coefficients (MFCC). This approach
leverages the DWT'’s ability to capture time-frequency information and the effectiveness in modeling the spectral
envelope, yielding more robust and discriminative representations of speech. Consequently, the DWT + MFCC
fusion has shown improved accuracy in speaker recognition, emotion detection, and language identification,
particularly in noisy conditions.

7. Conclusion

This review has explored recent developments in speaker recognition and verification from 2021 to 2025,
focusing on innovations in feature extraction, model architectures, dataset utilization, and performance
evaluation. The field has clearly evolved from handcrafted acoustic features toward self-supervised and
representation learning approaches, supported by increasingly diverse and large-scale datasets. Advances in deep
neural architecture, often enhanced with hybrid and ensemble strategies, have led to substantial improvements
in accuracy, robustness, and scalability.

Despite these gains, challenges persist in addressing cross-lingual variability, domain mismatch, and
adversarial robustness, particularly in real-world and low-resource settings. Future research is expected to
emphasize multimodal integration, model interpretability, and energy-efficient training and inference to promote
sustainability. By consolidating current trends and identifying open research gaps, this review provides a solid
foundation for researchers and practitioners to navigate the evolving landscape of speaker recognition
technologies.

Beyond technical progress, speaker recognition also brings crucial ethical and societal considerations. Because
voice data is inherently personal, concerns about privacy, consent, and data security must be addressed.
Transparency in data collection and the mitigation of biases related to language, gender, and accent diversity are
essential to ensure fairness and inclusivity. From an application perspective, these technologies are now
embedded in security systems, smart devices, and assistive tools, offering both convenience and accessibility.
However, responsible deployment requires striking a balance between performance and ethical safeguards to
prevent misuse, protect user rights, and promote equitable access across diverse populations.
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