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Abstract: Speaker verification (SV) is an exceptionally effective method of biometric au-
thentication. However, its performance is heavily influenced by the effectiveness of the
extracted speaker features and their suitability for use in resource-limited environments.
Transformer models and convolutional neural networks (CNNs), leveraging self-attention
mechanisms, have demonstrated state-of-the-art performance in most Natural Language
Processing (NLP) and Image Recognition tasks. However, previous studies indicate that
standalone Transformer and CNN architectures present distinct challenges in speaker veri-
fication. Specifically, while Transformer models deliver good results, they fail to meet the
requirements of low-resource scenarios and computational efficiency. On the other hand,
CNNs perform well in resource-constrained environments but suffer from significantly
reduced recognition accuracy. Several existing approaches, such as Conformer, combine
Transformers and CNNs but still face challenges related to high resource consumption
and low computational efficiency. To address these issues, we propose a novel solution
that enhances the Transformer model by introducing multi-scale convolutional attention
and a Global Response Normalization (GRN)-based feed-forward network, resulting in
a lightweight backbone architecture called the lightweight simple transformer (LST). We
further improve LST by incorporating the Res2Net structure from CNN, yielding the
Res2Former model—a low-parameter, high—precision SV model. In Res2Former, we
design and implement a time-frequency adaptive feature fusion(TAFF) mechanism that
enables fine-grained feature propagation by fusing features at different depths at the frame
level. Additionally, holistic fusion is employed for global feature propagation across the
model. To enhance performance, multiple convergence methods are introduced, improving
the overall efficacy of the SV system. Experimental results on the VoxCeleb1-O, VoxCeleb1-
E, VoxCelebl-H, and Cn-Celeb(E) datasets demonstrate that Res2Former achieves excellent
performance, with the Large configuration attaining Equal Error Rate (EER)/Minimum
Detection Cost Function (minDCF) scores of 0.81%/0.08, 0.98%/0.11, 1.81%/0.17, and
8.39%/0.46, respectively. Notably, the Base configuration of Res2Former, with only 1.73M
parameters, also delivers competitive results.

Keywords: embedded systems; speaker verification; transformer; res2net; machine learning

1. Introduction

Speaker verification (SV) technology automatically determines whether an audio
sample belongs to a specific individual by analyzing unique vocal characteristics, aiming to
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recognize or confirm the speaker’s identity [1,2]. Owing to its ability to accurately identify
individuals, this technology has wide-ranging applications, including voice authentication
for personal smart devices and enhancing the security of banking transactions and remote
payments [3,4]. Furthermore, it is utilized in forensic investigations to identify suspects,
thereby contributing to both the convenience and security of everyday life [5,6]. Particularly,
with the proliferation of mobile devices and Internet of Things (IoT) applications, there’s a
growing demand for SV systems that are not only accurate but also computationally efficient
and have a small memory footprint, enabling on-device authentication and personalization.

In the early development of SV, deep neural networks (DNNSs) played a pivotal role.
The initial d-vector approach [7] laid the foundation for the field by mapping speech seg-
ments into a fixed-length vector space to represent speaker characteristics. Building upon
this, the X-vector method [8] introduced a time-delay neural network (TDNN) architecture
and a global statistical pooling layer to generate fixed-length speaker embedding vectors,
further enhancing the representation of speaker features. These advancements have had a
profound impact on SV tasks.

With the continuous evolution of convolutional neural networks (CNNs), models
such as ResNet [9], Res2Net [10], and ResNeXt [11] were successively introduced and
widely adopted as backbone networks in SV systems. Building upon these advancements,
architectures like ECAPA-TDNN [12] have gained attention for their ability to extract multi-
scale features and enhance channel attention mechanisms, becoming mainstream in the field.
Additionally, NeXt-TDNN [13], which leverages multi-scale hierarchical feature extraction
and multi-layer feature aggregation, has further improved performance, underscoring the
importance of deep feature fusion in SV. Nevertheless, despite these advancements, CNNs
face challenges in integrating global context and modeling long-range dependencies. These
limitations have driven researchers to explore new architectures.

In recent years, the Transformer architecture has demonstrated outstanding perfor-
mance in the field of Natural Language Processing (NLP) due to its self-attention mecha-
nism, which effectively handles long-range dependencies [14-16]. Building on this success,
researchers have gradually applied Transformers to SV tasks. SAEP [17] was the first to
introduce Transformers into SV, employing a two-layer stacked Transformer encoder and
DNN to extract speaker embeddings. However, despite efforts in parameter optimization,
the model’s performance remained suboptimal because the shallow Transformer encoder
failed to capture the rich feature representations necessary for optimal performance.

Building upon the initial application of Transformers in SV, subsequent models such
as Wav2Vec2.0 [18], HuBERT [19], and WavLM [20] have incorporated multi-head decom-
posed attention pooling to aggregate frame-level representations into speaker embeddings,
further advancing performance in SV tasks. These models use self-supervised learning
techniques to extract generalized feature representations from large amounts of unlabeled
speech data, thereby enhancing their generalization capabilities. To simultaneously address
both global dependency modeling and local feature extraction, researchers have proposed
Transformer models with multi-view self-attention mechanisms, leading to notable perfor-
mance improvements. However, the increased complexity of these models often results
in a large number of parameters, which raises computational and storage costs and limits
their practical deployment.

To address the limitations of previous models, DT-SV [21] optimized the Transformer
structure by introducing a learnable time-domain feature extractor (TDFE), which reduced
the number of model parameters while attempting to maintain performance. However,
the actual performance gains were limited. Building on this, the MFA-Conformer [22]
model recently adopted the Conformer [23] structure as the backbone for speaker embed-
ding extraction, significantly enhancing performance. The Conformer combines CNN
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with the Transformer, retaining the Transformer’s global dependency modeling ability
while improving local information capture. This approach indicates that incorporating
convolutional networks into Transformers to strengthen local information modeling is an
effective strategy.

In summary, while Transformer architectures have advanced SV tasks, they still face
challenges in effectively balancing global dependency modeling and local feature extraction.
Future research may focus on designing more efficient hybrid models to further improve
SV performance while reducing model complexity and computational costs.

With each new generation, Transformer-based models in SV build upon previous
work, continuously improving and innovating. As a result of this progression, substantial
improvements have been achieved in both the accuracy and efficiency of SV tasks. However,
existing studies [24,25] indicate that the effectiveness of Transformers in speech verification
often relies on complex pre-training processes and large model parameters, which may pose
limitations in practical applications. Thus, a clear research gap exists for an SV architecture
that synergistically combines the strengths of CNNs and Transformers to achieve state-of-
the-art accuracy while concurrently addressing the critical needs for low model parameters,
reduced computational complexity, and faster inference speeds, particularly for deployment
in resource-limited environments. Existing hybrid models like Conformer still present
challenges in terms of resource consumption.

Currently, efficiently applying CNN and Transformers to SV tasks remains challenging
due to several key issues:

e Traditional CNNs are inefficient in extracting deep speech features because they
struggle to capture long-range dependencies and global features, which limits the
discriminative power of the feature representations they produce.

¢ Transformers, although excellent at modeling global dependencies, have a large num-
ber of parameters and are complex to train. Their high computational complexity
makes them difficult to deploy in lightweight or resource-constrained environments.

¢ The complexity of both CNN and Transformers results in slower inference speeds.
Significant computational overhead during inference limits their applicability in real-
time scenarios that require rapid responses.

Thus, a clear research gap exists for an SV architecture that synergistically combines
the strengths of CNNs and Transformers to achieve state-of-the-art accuracy while con-
currently addressing the critical needs for low model parameters, reduced computational
complexity, and faster inference speeds, particularly for deployment in resource-limited
environments. Existing hybrid models like Conformer still present challenges in terms of
resource consumption.

The contributions of this work are as follows:

e  We propose a lightweight simple transformer (LST) architecture that retains the ad-
vantages of Transformers while significantly reducing both model parameters and
computational complexity by simplifying the self-attention mechanism and optimizing
the network design.

e Weintroduce Res2Former, an effective SV model that builds on LST by incorporating
the Res2Net architecture. By leveraging the multi-scale feature extraction capability of
Res2Net, Res2Former enhances its ability to capture fine-grained characteristics of speech
signals, thereby improving the discriminative performance of speaker embeddings.

*  We design feature processing strategies and time-frequency adaptive feature fu-
sion(TAFF) mechanisms at different network depths. By introducing targeted feature
processing methods at various layers and integrating attention mechanisms from both
the time and frequency domains, we enhance the richness and discriminative power
of the feature representations.
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* By employing a combination of pre-training and large-margin fine-tuning strategies,
we optimize pre-trained models and further improve model performance.

2. Method
2.1. Lightweight Simple Transformer (LST)

We have designed an LST structure that replaces the standard multi-head self-attention
(MHSA) with a simplified multi-scale convolutional attention (MSCA) module and incorpo-
rates a feedforward network enhanced by Global Response Normalization (GRN). The goal
is to reduce the model’s computational complexity and training challenges while retain-
ing the performance of the Transformer architecture and extracting richer input feature
representations. As shown in Figure 1, the LST structure processes input features by first
passing them through a Layer Normalization layer, followed by the MSCA module with a
residual connection. Next, the output undergoes another Layer Normalization before being
fed into the GRN-based feedforward network, which also includes a residual connection.
The corresponding equations are as follows:

X' = MSCA (LayerNorm(X)) 1)
Xmpsa = X + X' 2)

X" = FFN(LayerNorm(X')) (3)
Xout = Xmnsa + X" 4)

where X’ denotes the output of simplified multi-scale convolutional attention, Xysa
is the output of multi-head attention with residual connection, X" is the output of the
feed-forward network, and Xoyr is the output of the LST.
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Figure 1. Lightweight Simple Transformer (LST) overall architecture based on multi-scale convo-
lutional attention and Global Response Normalization (GRN) based feedforward Network.where
P-C K = 1 denotes point-by-point convolution with convolution kernel 1, DW-C K = 1 denotes
depthwise convolution with convolution kernel 1, and DW-C Ki denotes depthwise convolution with
convolution kernel Ki.
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2.1.1. Simplified Multi-Scale Convolutional Attention

Figure 1 illustrates our simplified multi-scale convolutional attention mechanism.
Unlike the traditional Transformer that computes the similarity score matrix A using the
standard self-attention formula, our proposed approach simplifies the self-attention mech-
anism by modulating the value V through convolutional features. Specifically, given an

RBXFXT wwhere B is the batch size, F is the number of feature

input feature tensor X €
channels, and T is the time steps, we apply depthwise convolutions with different kernel
sizes to mimic the multi-head attention mechanism. These multi-scale convolutions capture
multi-level and multi-scale information from the input features, similar to how different
attention heads in multi-head attention capture distinct information. By incorporating
depthwise convolutions, we can significantly reduce computational complexity and param-
eter count without sacrificing the ability to model spatial relationships at both local and
global scales. After obtaining the convolutional features, we fuse them element-wise with
the original input X using the Hadamard product (element-wise multiplication). This step
modulates the original features, emphasizing important feature dimensions. Additionally,
we incorporate residual connections by adding the fused features back to the input features,
ensuring stable gradient flow and efficient training. The mathematical expression for the
above process is as follows:

A; = WX +b; (5)
Vi = DW-Convg,(GELU(W;X + b;)) 6)
n
Xumsca = P-Convy 1| X + Concat Z A OV (7)
i=1

where W; and b; are the weights and biases, A; is the simplified attention weight, V; is
the value matrix, DW-Convy represents the depthwise convolution with kernel size
K, P — Convy 1 represents the pointwise convolution with kernel size 1, and Xpssc4 is
the output of the simplified multi-scale convolution attention. The simplified multi-scale
convolution attention mechanism associates each spatial position (F, T) with all pixels
within a k x k square region centered around it. This approach not only retains sensitivity
to local feature regions but also reduces computational complexity. Furthermore, channel-
wise information interaction is achieved through linear layers, which enhances the model’s
expressive capacity and promotes synergy across different feature dimensions.

2.1.2. A Feedforward Network Based on Global Response Normalization

The Feed-Forward Network (FFN) is a core component of the Transformer encoder,
primarily responsible for performing nonlinear processing and spatial transformations on
features generated by the attention mechanism. This enables the model to capture complex
nonlinear relationships between features. Traditionally, the FFN module is constructed
using a Fully Connected Network (FCN), which can suffer from issues such as gradient
vanishing and information loss. To address these problems, the GRN structure is introduced.
By applying global response normalization to the main pathway channels on a per-sample
basis, GRN enables flexible control of information flow, enhancing both the network’s
expressive power and training stability. Building upon GRN, we have constructed a
fully connected network that mitigates the limitations of traditional FEN. For the input
X € RBXFXT the detailed formula for GRN is as follows: For each sample b and time step
t, we first compute its global response (L2 norm), which is the L2 norm of the activation
values across all feature channels at each time step:
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F
Rpe= | Y X2, (®)
f=1

where R;; is the global response of the bth sample at time step t. To prevent numerical
instability, a small regularization constant € is added during the computation of the response
to avoid division by zero. Typically, € is a very small value, such as 107°. As a result,
the normalized response is given by:

N R,
Rpp = ——~— ©)

’ /12
Rb,t+e

The normalized response is then used to normalize the feature channels at each time step:

Xp, £t
XerN = be (10)
4

where Xgry is the output of the GRN normalization.To enhance the representational
capacity of the normalized features, learnable scaling parameter <y and shifting parameter
B are introduced. As a result, the formula can be expanded as follows:

Xegn = oo bt 11
GRN = Yf R,, + By (11)

where 7 and f are learnable parameters for each feature channel.

2.2. Res2Former Fusing LST Based on Res2Net Structure
2.2.1. Overall Overview of Res2Former

To enhance the modeling capability of both fine-grained frame-level features and
global speech information, we introduce a Time-Frequency Attention Feature Fusion (TAFF)
mechanism into the MSCA module of the LST framework. Additionally, we design a frame-
level adaptive fusion module based on the Res2Net architecture, termed the Res2Former
Block. Building upon this, we further propose a four-stage global time-frequency adaptive
fusion strategy. Based on these enhancements, we construct a speaker verification frame-
work, Res2Former, which achieves a favorable balance between recognition accuracy and
computational efficiency. Figure 2 illustrates the overall structure of Res2Former.

Stage3 ) l_ "7 Staged )
|
| |

Res2Former | | Res2Former |
Block | | Block |

T )

—
Stagel

Res2Former
Block

|

|

| [ Res2Former JD
CmelxT Block

|

Figure 2. The overall architecture of Res2Former.

The Res2Former consists of four stages, each comprising the following two modules.
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1.  The Convolutional Normalization Layer (P-C K = 1 & LayerNorm) processes the
input features through a convolutional layer with a kernel size of 1, followed by layer
normalization. The formula is as follows:

X' = LayerNorm(P-Convy 1 (X)) (12)

2. The core module of each stage is the Res2Former Block, which combines the multi-
scale convolutional capability of Res2Net with the feature processing efficiency of the
Transformer. The formula can be expressed as follows:

Y = X' + MSCA (LayerNorm(X'))
+ FEN (LayerNorm (X’ + MSCA (LayerNorm(X')))) (13)

where X' is the output of the convolutional normalization layer and Y is the output of each
Res2Former Block.
The number of output channels at each stage is a variable, denoted as C;, Cy, C3, and
C4. Different stages represent the model’s extraction of features from low to high levels.
After each stage, the extracted features are aggregated using various processing strategies.
This module combines and filters the features from different stages to form the final feature
representation:
Yout = f(Y1,Y2, Y5, Ya) (14)

where f denotes the feature processing strategy at different depths, and the explanation
of f will be provided in subsequent sections. Yoy is the final output.Finally, all features
processed through different strategies are fed into the Attentive Statistics Pooling (ASP)
module, resulting in the speaker embedding vector:

Yembedding = ASP(YOut) (15)

2.2.2. The Time-Frequency Adaptive Feature Fusion Mechanism

Attention-based methods have shown significant potential in modeling spatial rela-
tionships within the field of computer vision. By enabling models to focus on key features
during recognition, suppress irrelevant ones, and capture global relationships among
features, attention mechanisms enhance the feature representation capacity of CNN. Ex-
tending this concept to the time-frequency domain, attention methods can similarly model
relationships across time and frequency. Leveraging these relationships, we construct a
time-frequency weight matrix, where the weight values are positively correlated with the
frequencies at each specific location. The specific structure is shown in Figure 3.

T P-C Batch P-C T
NI AvgPool GELU K=1 ]—{ Softmax ]—’E}—v

Figure 3. Time-frequency adaptive feature fusion(TAFF) mechanism.

To further improve the learning process within convolutional layers, we adopt the
softmax function to generate the weight matrix. The use of softmax promotes competition
among features, encouraging the convolutional layers to learn diverse representations.
Using the generated weight matrix, we adjust the activation magnitudes of the original
feature maps. Features at the same time-frequency location are scaled by the same weight,
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whereas features at different time-frequency locations are scaled by different weights.
The process is as follows:

T

1
Sbf = T Y (X4 Y)p e (16)
t=1
4 1 1
gb,f’ = GELU <BatchN0rm < Z W(/Bf . Sb,f + b}/)) ) (17)
f=1
2 2 2
Up,fr = BatchNorm Z W(,,} “8b,f t b(,) (18)
fr=1

at— — P (19)

L=1€xXP(Vpx)
O = (X ®att) + (Y ®att) (20)

where W; and b; are the weights and biases, A; is the simplified attention weight, and V;
is the value matrix, for the input features X,Y € RBE*FXT the output s, ¢ is obtained
after global average pooling in the time and frequency dimensions, respectively, and for
sp,r the output s, ¢ is obtained by performing a convolutional and normalized to obtain
vy, p containing time and frequency information, convolve vy, again and apply Softmax
function to obtain the time-frequency attention weight matrix att, and dot-multiply att
with the inputs X, Y to obtain the output O.

2.2.3. Frame-Level Time-Frequency Adaptive Feature Fusion

Figure 4a illustrates our frame-level TAFF method. To capture finer-grained features and
enhance local information interaction, we optimized the MSCA within the time-frequency
domain using a top-down hierarchical feature processing approach. By adaptively integrating
features across different scales, we achieved frame-level adaptive feature fusion.

Yi _ P-DW-CO?’IUKZ.XKi(Xi), i=1 (21)
P-DW—COaniXKi(TAFF(Xi, Yi—l))/ i>1

where Y; is the output of each block, and P-DW-Conv;, .k, denotes that it is first subjected
to a pointwise convolution with a kernel size of 1 and then to a depthwise convolution
with a kernel size of K;.

/—¢—\ (
P-C K=1 ( )
e 7//
| ox I X e | Xn
- Stagel J
[’ P-DW-C ) J /TA\
Ki ) EF
R i
—
ol
Stage2
(C P-DW—CJ TA
_ K ﬁ A FF/
R —.\\F &
Y
P Stezed ) 1
Kn TA
o — e/
P ~
Y1 I Y2 ‘ I Yn
\ !
C P-CK=T ) ‘
1 EH

(a)Frame-level time-frequency (b)Overall time-frequency adaptive
adaptive feature fusion feature fusion

Figure 4. Frame-level and Overall time-frequency adaptive feature fusion mechanism.
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2.2.4. Overall Time-Frequency Adaptive Feature Fusion

Figure 4b illustrates how the overall TAFF operates differently across network layers.
In the lower layers of the neural network, neurons possess more constrained receptive
fields, capturing fine-grained details. By contrast, neurons in higher layers capture broader
context due to their larger receptive fields. This fusion mechanism seeks to improve the
interaction of information by adjusting features across different temporal scales within the
top-down process.

Xstagei 1 Stagei(Xstagei) (22)
3

Z = P-Conorat | LayerNorm | Y- TAFF (Xtage,,, s Xstage, (23)
i=1

where X;tage is the output of each Stage, Xstage, = X, and Z is the overall output.

2.3. Feature Processing Strategies and ASP at Different Depths

Feature processing and fusion at different depths constitute essential components
of feature engineering in deep learning, particularly when handling multimodal data or
multi-scale features. This is equally applicable to SV systems. Whether using a CNN-based
or Transformer-based architecture, feature processing strategies and fusion techniques at
different depths significantly enhance system performance.

In order to enhance the feature discovery for different depths, we designed four
different depths of feature processing methods for each STAGE whether TAFF and Concat,
as shown in Figure 5. Typel outputs the result following the application of overall TAFF at
each stage. Typell builds on Typel by incorporating a weighted average prior to producing
the output. Typelll bypasses the TAFF at each stage and directly outputs the result. TypelV
omits feature processing entirely and outputs directly.

O; = LayerNorm(P-Convy «1(Concat(TAFF;, TAFF,, TAFF;, TAFFy))) (24)

0, = WeightAvg(Concat(TAFF;, TAFF,, TAFFs, TAFE,)) (25)
O3 = LayerNorm(P-Conv; «1(Concat(Stagey, Stages, Stages, Stages))) (26)
Oy = Stagey (27)

where O is the output of Typel, O, is the output of Typell, O is the output of Typelll,
and Oy is the output of TypelV.

To more effectively embed speech features into fixed-dimensional speaker represen-
tations, we employ the ASP method [26]. Traditional speaker embedding approaches
typically use basic statistical pooling techniques, such as computing the mean and vari-
ance, to aggregate frame-level features. Nonetheless, these approaches face challenges in
effectively capturing global context and the differing importance of input features. ASP in-
troduces an attention mechanism that assigns different weights to each data point, allowing
the model to more effectively capture long-term dependencies and emphasize important
features. As a result, this method has been widely adopted in SV systems.

Specifically, ASP involves two key steps. First, an attention mechanism computes
normalized scores a; for each frame, assigning different weights based on the frame’s
significance. This is achieved using the following equation:

a; = Softmax(VT f(WH; + b)) (28)
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Figure 5. Four different feature processing methods.

Second, these weights are used to compute the mean ji and the standard deviation &
from the frame-level features H;, forming the final speaker embedding. The calculations
are as follows:

T
ji=Y aH (29)
t=1

(30)

The output of the pooling layer is formed by concatenating the mean y and the
standard deviation ¢ along the channel dimension. Ultimately, a fully connected layer is
used to derive a compact, low-dimensional representation of the speaker embedding.

Speaker Embedding = Linear(Concat(ji, 7)) (31)

2.4. Loss Function and Large Margin Fine-Tuning

In fine-grained classification and verification tasks, the Additive Angular Margin
Softmax (AAM-Softmax) loss function [27] is widely adopted and highly effective. It
extends the standard Softmax loss by incorporating L2-normalized embeddings and intro-
ducing an angular margin regularization applied throughout the training process. This
angular margin regularization motivates the network to enhance the angular separation
between distinct classes, while also fostering intra-class compactness as the target class
log-likelihood is estimated. Consequently, AAM-Softmax boosts the separability between
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classes and strengthens compactness within each class, which is particularly beneficial for
fine-grained tasks such as SV. The AAM-Softmax loss is defined by the following equation:

1 es(cos(Gyi,,')—m)

LAAM—Softmax =
N i

=z

log (32)

eS(COS(Qyi/i)_m) + Zj#yi &8 C05(9j,z‘)

I
—

where 6, ; denotes the angle between the feature vector x; of the ith sample and the weight
vector Wy, of the correct class y;, s is a scaling factor, and m is the additional angular margin.

The scaling factor s amplifies the output values of the Softmax function, thereby
affecting the gradient magnitude during training. The angular margin m enhances the
model’s discriminative ability by increasing the angular distance between different classes.
Generally, a larger value of m leads to greater inter-class separation and tighter intra-
class compactness, thus improving overall model performance. However, setting a high
angular margin can make model convergence difficult, while a small margin may lead to
underfitting. To address this, we propose a dynamic fine-tuning strategy with an adaptive
high-margin approach. Initially, we set the angular margin m to zero and gradually increase
it to a small, predefined value to allow the network to converge. Subsequently, we fine-tune
the network by progressively increasing the margin from this low value to a higher one.
In addition, to ensure stable training, we enhanced data preprocessing and optimized the
learning rate across different training stages.

3. Experimental Setup
3.1. Dataset

VoxCeleb1 [28], VoxCeleb2 [29], CN-Celeb1 and CN-Celeb2 [30,31] are widely used speech
datasets for speaker recognition tasks. These datasets encompass speech data from various
real-world scenarios, making them effective for handling complex and diverse conditions.

For the VoxCeleb experiments, we trained our model on the development set of
VoxCeleb2, which includes 5994 speakers. The model was evaluated on the VoxCeleb1-O,
VoxCeleb1-E, and VoxCeleb1-H evaluation sets, containing 40, 1251, and 1190 speakers,
respectively.

Similarly, for the CN-Celeb experiments, we used the combined development sets
of CN-Celebl and CN-Celeb2 for training, totaling 2785 speakers, and evaluated on CN-
Celeb(E), which consists of 200 speakers.

To enhance system robustness, we applied three data augmentation techniques: online
data augmentation [32], MUSAN [33], and RIR [34]. Additionally, during data preprocess-
ing, we concatenated shorter utterances to ensure that each utterance used for training was
at least 6 s long.

3.2. Evaluation Metrics

To assess performance, all experiments were evaluated using cosine similarity scoring.
Common metrics in SV tasks were adopted, including Equal Error Rate (EER), Minimum
Detection Cost Function (minDCF), and Real-Time Factor (RTF), with Piseer = 0.01 and
Cra = Cpiss = 1. Real-time inference was conducted on an Intel Core i9-12900KF processor.

3.3. Model Configurations

In our experiments, we trained several models, including LST, Transformer [14],
ECAPA-TDNN [12], Res2Net [10], MFA-Conformer [22], NeXt-TDNN [13], and Res2Former.
Among these, LST and Res2Former are the models we developed, while the others serve as
baseline models. Their detailed configurations are as follows:
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LST: Based on the LST structure, this model integrates an MFA stacking structure with
an ASP module. We experimented with varying numbers of blocks, each with a feature
dimension of 256, yielding an output embedding dimension of 192.

Transformer: This model utilizes a Transformer backbone combined with the MFA
stacking structure and ASP module. We tested different numbers of blocks, each with a
256-dimensional feature space, producing a final embedding of 192 dimensions.

ECAPA-TDNN: This model employs a 3-layer SE-Res2Block backbone, each layer with
a feature dimension of 1024. An ASP module is used, resulting in an output embedding of
192 dimensions.

Res2Net: Divided into four stages, each stage uses a Res2NetBlock backbone with
TSTP, producing a 192-dimensional embedding output.

MFA-Conformer: Built with six ConformerBlocks, this model integrates a 1/2 sam-
pling rate and four attention heads with ASP. Each block has a feature dimension of 256,
and the output embedding is 192-dimensional.

Next-TDNN: This model employs nine TS-ConvNeXt Block with a convolutional
kernel size of (7, 65), using ASP. Each block has a feature dimension of 256, producing a
final embedding of 192 dimensions.

Res2Former: Structured into four stages, each stage consists of B optimized LST
structures. The feature dimension for each stage is denoted as C(Cy, Cp, C3, Cy), and kernel
sizes are represented as K(K; = 5, K = 9, K3 = 11, K4 = 11). The model uses an ASP
module, with a 192-dimensional embedding as output.

3.4. Training Options

We used the PyTorch (version 1.11.0) framework to build and train the LST,
Res2Former, and baseline networks. The input features consisted of 80-dimensional Fbank
acoustic features, extracted from each 25-ms frame with a 10-ms window shift, while the
sampling rate was maintained at 16,000 Hz. All experiments employed AAM-Softmax loss
and the Adam optimizer, with scaling factors set to 30 and weight decay set to 1 x 10°.
The training procedure was split into two stages: pre-training and fine-tuning with a
large margin.

Pre-training: Three-second fixed-length segments were randomly selected, with a
batch size of 256, and the model was trained for 40 epochs. The learning rate was adjusted
using a Warmup Cosine Scheduler, and we applied a dynamic fine-tuning strategy to
modify the additional angular margin m of AAM-Softmax. In the first 3 epochs, a warm-up
phase was implemented, with the learning rate gradually increasing from a minimum of
5 x 107* to a maximum of 1 x 1073, after which it gradually decreased. Starting from
epoch 5 to epoch 15, the additional angular margin m progressively increased from 0 to 0.3.

Large-margin fine-tuning: We connected shorter utterances to ensure at least 6-s fixed-
length segments. The batch size was configured to 128, and the model underwent training for
10 epochs. Similar to the pre-training phase, the learning rate was adjusted using the Warmup
Cosine Scheduler, and the dynamic fine-tuning strategy was applied to further modify the
additional angular margin m. In the first epoch, a warm-up phase was introduced, where
the learning rate gradually increased from 5 x 1075 to 1 x 10>, then gradually decreased.
From epoch 2 to epoch 5, the additional angular margin m increased from 0.3 to 0.5.

4. Experimental Results
4.1. Experimental Results on VoxCelebl

(1) LST: Table 1 compares the performance of our proposed LST network with the
ECAPA-TDNN and Transformer baselines across the Voxceleb1-O, E, and H test sets,
evaluated using parameter count, EER, and minDCEF. The results demonstrate that LST
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consistently outperforms both baselines under all three test conditions. Crucially, LST
achieves superior accuracy while using significantly fewer parameters. For instance, the 6-
block LST configuration (10.7 M) uses less than half the parameters of ECAPA-TDNN
(20.8 M) yet achieves substantially lower error rates, exhibiting average reductions of
approximately 16% in EER and 21% in minDCF. Compared to the Transformer baseline,
LST also shows significant improvements; the 9-block LST model (14.6 M), striking an
optimal balance between model size and performance, achieves average reductions of
approximately 28% in EER and 19% in minDCEF relative to the Transformer baseline.
Complementing the numerical results, Figure 6 presents the Detection Error Tradeoff
(DET) curves for models with varying block sizes (B = 6, 9, 12). Across all Voxceleb test
conditions, the DET curves for LST consistently reside closer to the lower-left corner than
those of ECAPA-TDNN and Transformer. This positioning reflects LST’s superior ability to
balance false-positive and false-negative rates, resulting in higher accuracy and stability.

Table 1. Evaluation results of different baselines under three experimental conditions of Voxceleb1-O,
Voxceleb1-E, and Voxceleb1-H(EER%,minDCF (p = 0.01)).

Voxceleb-O Voxceleb-E Voxceleb-H
Backbone Block Params(M) - - -

EER% minDCF EER% minDCF EER% minDCF

ECAPA-TDNN 3 20.8 1.34 0.16 1.60 0.18 3.17 0.30

6 11.8 1.64 0.15 1.86 0.20 3.15 0.29

Transformer 9 16.5 1.62 0.14 1.78 0.18 3.11 0.28

12 21.1 1.62 0.17 1.81 0.19 3.13 0.29

6 10.7 1.16 0.12 1.38 0.15 2.52 0.24

LST 9 14.6 1.02 0.11 1.32 0.15 2.44 0.23

12 185 1.12 0.12 1.30 0.14 2.40 0.23

Bold indicates the best performance in each column.

These findings demonstrate that LST is a highly efficient and effective backbone
for speaker verification systems. It achieves superior accuracy compared to established
baselines such as ECAPA-TDNN and Transformer while maintaining a significantly lower
parameter count. This unique balance of high performance and resource efficiency makes

LST ideal for practical applications with limited computational resources.
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Figure 6. Comparative Detection Error Tradeoff (DET) curves of different baselines on (a) VoxCeleb1-
O, (b) VoxCelebl-E, and (c) VoxCeleb1-H test condition.

(2) Res2Former: To evaluate the effectiveness of our proposed Res2Former architecture,
we conducted experiments on the standard VoxCeleb1 dataset under three common testing
protocols: VoxCeleb1-O, VoxCelebl-E, and VoxCeleb1-H. The results are summarized in
Table 2 and Figure 7.

Table 2 compares the EER and minDCF of Res2Former with several state-of-the-art
baselines, including MFA-Conformer, ECAPA-TDNN, NeXt-TDNN, and Res2Net. Our
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Res2Former models are evaluated in both Base and Large configurations, with varying
architectural capacities.

Table 2. Evaluation results of different models in three test conditions, Voxceleb1-O, Voxcelebl-E,
and Voxceleb1-H(EER%,minDCF (p = 0.01)).

Voxceleb-O Voxceleb-E Voxceleb-H

Model ParamsM) ~prro,  minDCF  EER% minDCF EER% minDCF
MFA-Conformer 28.35 1.03 0.12 1.36 0.15 259 024
ECAPA-TDNN 20.8 1.34 0.16 1.60 0.18 3.17 0.30
NeXt-TDNN 7.14 0.92 0.10 1.03 0.11 1.91 0.18
Res2Net 4.03 1.86 0.19 1.69 0.18 2.92 0.26
» Res2Former (B = 6, C = 80) 1.73 1.23 0.12 1.36 0.14 238 0.23
& Res2Former (B =3, C = 128) 239 1.03 0.09 122 0.13 211 021
Res2Former (B =2, C = 192) 3.81 0.99 0.09 113 0.12 1.99 0.19
y  Res2Former (B =2, C = 256) 6.62 0.81 0.08 0.98 0.11 1.81 0.17
2 Res2Former (B = 2, C = 288) 831 091 0.09 1.07 0.12 2.00 0.20
~ Res2Former (B =1, C = 384) 9.06 1.01 0.08 111 0.12 1.97 0.19

Bold indicates the best performance in each column.

As shown in Table 2, the Res2Former consistently achieves superior performance
across all three test conditions. For the Large setting, Res2Former (B =2, C = 256) attains
the lowest EER of 0.81% and the lowest minDCF of 0.08 on VoxCeleb1-O, outperforming
all baseline models. Similarly, it achieves the best results on VoxCeleb1-E (EER = 0.98%,
minDCF = 0.11) and VoxCeleb1-H (EER = 1.81%, minDCF = 0.17). Notably, the Res2Former
maintains competitive performance even with a relatively small number of parameters
(1.73M) compared to other models.

The DET curves in Figure 7 further illustrate the superior discriminative capability of
Res2Former. Across all operating points, the miss probability of Res2Former is consistently
lower than that of the baseline systems, confirming its robustness under varying thresh-
olds. The performance gain is especially pronounced under challenging test conditions
(VoxCeleb1-H), where Res2Former demonstrates clear advantages.

The experimental results validate the Res2Former architecture as a powerful solution
for speaker verification tasks. Its lightweight design, combined with high performance,
positions it as a compelling choice for real-world scenarios with resource constraints.
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Figure 7. Comparative DET curves of different SV models on (a) VoxCeleb1-O, (b) VoxCelebl-E,
and (c) VoxCeleb1-H test condition.

4.2. Experimental Results on Cn-Celeb(E)

To assess the suitability of Res2Former for robust SV, particularly in relation to its strong
object separation capabilities, we conducted experiments on the challenging Cn-Celeb dataset.
Additionally, we evaluated the Res2Former architecture on the Cn-Celeb(E) dataset, which
features diverse and demanding conditions for speaker verification. The results, presented in
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Table 3 and Figure 8, illustrate the performance of Res2Former in comparison to state-of-the-art
baselines, including MFA-Conformer, ECAPA-TDNN, NeXt-TDNN, and Res2Net.

As shown in Table 3, Res2Former strikes an impressive balance between computational
efficiency and recognition accuracy. Both the Base and Large configurations exhibit signifi-
cantly lower RTF than MFA-Conformer (33.06 x 1073) and ECAPA-TDNN (42.14 x 1073),
which suffer from quadratic self-attention complexity and high-dimensional feature pro-
cessing, respectively. This efficiency is attributed to Res2Former’s multi-scale hierarchical
design and optimized attention mechanisms. Notably, Res2Former (B = 2, C = 256) achieves
a minDCEF of 0.46 and an EER of 8.39%, improving on ECAPA-TDNN by 23% in minDCF
and 28% in EER, while operating 8 times faster.

Table 3. Evaluation results of different models under Cn-Celeb(E) test conditions (RTF (x10~3),
EER%, minDCF (p = 0.01)).

CN-Celeb(E)

Model RTF(x10~3) :

EER% minDCF
MFA-Conformer 33.06 12.13 0.62
ECAPA-TDNN 42.14 11.66 0.60
NeXt-TDNN 5.30 10.48 0.54
Res2Net 6.85 11.12 0.58
o Res2Former (B = 6, C = 80) 6.45 9.89 0.57
§ Res2Former (B = 3, C = 128) 4.25 9.19 0.56
Res2Former (B =2, C =192) 4.14 8.43 0.47
o Res2Former (B = 2, C = 256) 5.16 8.39 0.46
= Res2Former (B = 2, C = 288) 6.14 8.99 0.48
- Res2Former (B =1, C =384) 7.11 9.16 0.49

Bold indicates the best performance in each column.

In the Large configuration, increasing the channel dimensions (C) from 192 to 384
slightly improves robustness, as evidenced by the decrease in minDCF. However, the EER
remains relatively stable, indicating the scalability of Res2Former for computationally
efficient configurations.

The DET curves in Figure 8 further corroborate the superior performance of
Res2Former. Across all operating points, Res2Former demonstrates a significantly lower
miss probability compared to baseline systems, indicating its robustness under varying
thresholds. The largest performance gap is observed at high false alarm probabilities, where
Res2Former effectively minimizes mistakes.

40

—— Next_tdnn
Mfa_conformer

—— Res2former

—— ECAPA_TDNN

20 1 Res2net

10 |

Miss probability (in %)

2 F; 1|0 2|0 40
False Alarm probability (in %)

Figure 8. Comparative DET curves of different SV models on Cn-Celeb(E) test condition.
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On Cn-Celeb(E), the Res2Former achieves state-of-the-art performance while retain-
ing computational efficiency, reaffirming its suitability for applications with stringent
resource limitations.

4.3. Memory Consumption and Ablation

This section analyzes the memory consumption and ablation results for the proposed
SV model.

(1) Memory Efficiency: As shown in Figure 9, traditional models such as NeXt-TDNN
and ECAPA-TDNN consume a large amount of memory, with NeXt-TDNN being the
most costly at approximately 580 MB. While MFA-Conformer reduces memory usage
to about 430 MB, it still requires a significant amount of resources. On the other hand,
Res2Net, though compact in size, fails to achieve the desired inference efficiency due to its
complex bottleneck blocks. Despite reducing the overall memory cost to about 210 MB, this
complexity results in inefficiencies in real-time processing. This suggests that while smaller
models may reduce static memory costs, the architectural complexity leads to additional
memory overhead during dynamic inference.

600
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Res2Net
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Figure 9. Memory consumption during inference for different models.

In contrast, our proposed Res2Former optimizes both memory efficiency and inference
speed. With a minimum memory cost of approximately 80 MB, Res2Former has the lowest
memory usage among the compared models. More importantly, it enhances inference
efficiency by about 2.6 times compared to Res2Net. This balance of low memory cost
and high inference speed makes Res2Former an ideal choice for applications that require
efficient and scalable deployment.

(2) Ablation Study: Table 4 presents an investigation of the impact of the GRN and
various feature processing strategies. The results from the FFN without GRN indicate
that while the GRN does affect model efficiency, its absence does not lead to a significant
decline in performance. Neither the weighted averaging method nor the use of concat
alone achieves performance comparable to the baseline setup. In particular, the “weighted
averaging” method results in the highest EER% in some cases, suggesting that simple
averaging may undermine the model’s ability to differentiate between speakers effectively.
The absence of the TAFF module also leads to a certain degree of decline in effectiveness,
with noticeable increases in EER and minDCF values. Moreover, any combined fusion of
features at different depths proves to be better than relying solely on a single output.



Electronics 2025, 14, 2489 17 of 19
Table 4. Ablation study of Res2Former in three evaluation conditions.
Voxceleb1-O Voxceleb1-E Voxceleb1-H
EER% minDCF EER% minDCF EER% minDCF
Res2Former (B =2, C=256) 0.81 0.08 0.98 0.11 1.81 0.17
Without GRN 0.85 0.09 1.04 0.11 1.85 0.17
Without Concat 1.22 0.11 1.25 0.13 2.21 0.21
Without TAFF 1.10 0.09 1.20 0.12 2.07 0.19
Weight Avg 1.26 0.11 1.21 0.13 2.13 0.19
Only Concat 0.90 0.09 1.05 0.11 1.86 0.17

References

Bold indicates the best performance in each column.

5. Conclusions

In this paper, we propose enhancements to the Transformer architecture by introducing
multi-scale convolutional attention and a GRN-based feed-forward network, culminat-
ing in a lightweight backbone architecture termed LST. LST enables flexible control of
information flow and fine-grained modeling of speaker embeddings through multi-branch
convolution and GRN. Building upon LST, we integrate the Res2Net architecture to develop
Res2Former—a low-parameter, high-precision SV model. The Res2Former, grounded in
LST, achieves an optimal balance between performance and inference efficiency, fulfilling
high-performance requirements even in resource-constrained environments.

While LST and Res2Former successfully reduce overall model parameters, there re-
mains potential for further optimization, particularly for deployment in extremely resource-
constrained devices or real-time systems. The performance benefits of multi-scale convolu-
tional attention and GRN-based feed-forward networks are likely contingent on meticulous
hyperparameter tuning and architectural decisions, which may introduce challenges in
model design and maintenance. Future work could focus on exploring advanced techniques
for model compression and quantization to further minimize model size and inference time
without compromising accuracy, thereby facilitating broader deployment.
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