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Abstract

Speaker diarization (SD), which aims to address the “who spoke when” problem, is a
key technology in speech processing. Although end-to-end neural speaker diarization
methods have simplified the traditional multi-stage pipeline, their capability to extract
discriminative speaker-specific features remains constrained, particularly in overlapping
speech segments. To address this limitation, we propose EEND-ECB-CGA, an enhanced
neural network built upon the EEND-VC framework. Our approach introduces a texture-
aware fusion module that integrates an Edge-oriented Convolution Block (ECB) with
Content-Guided Attention (CGA). The ECB extracts complementary texture and edge
features from spectrograms, capturing speaker-specific structural patterns that are often
overlooked by energy-based features, thereby improving the detection of speaker change
points. The CGA module then dynamically weights the texture-enhanced features based
on their importance, emphasizing speaker-dominant regions while suppressing noise
and overlap interference. Evaluations on the LibriSpeech_mini and LibriSpeech datasets
demonstrate that our EEND-ECB-CGA method significantly reduces the diarization error
rate (DER) compared to the baseline. Furthermore, it outperforms several mainstream
end-to-end clustering-based approaches. These results validate the robustness of our
method in complex, multi-speaker environments, particularly in challenging scenarios with
overlapping speech.

Keywords: speaker diarization; end-to-end learning; texture features; feature fusion;
attention mechanism

MSC: 68T07; 68T10

1. Introduction

Advances in speech recognition have enabled the proliferation of intelligent devices,
such as smart speakers and mobile phones, which leverage voice interfaces to facilitate
human-computer interaction. In real-world scenarios, audio streams often contain speech
from multiple speakers. Direct recognition of such audio may include non-target speech,
which detrimentally impacts recognition accuracy. Speaker Diarization (SD), also referred
to as speaker segmentation or turn-taking detection, can effectively address this by parti-
tioning an input audio stream into homogeneous segments according to speaker identity [1].
This technology has demonstrated high application value in fields such as video conferenc-
ing, in-vehicle voice interaction, and multimedia content analysis [2,3].
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Traditional speaker diarization methods primarily follow a multi-stage processing
pipeline comprising voice activity detection (VAD), speaker segmentation, speaker em-
bedding extraction, and clustering. Within this paradigm, speaker representations have
evolved from MFCCs to i-vectors and x-vectors [4-6], while clustering techniques have
employed K-means, Agglomerative Hierarchical Clustering (AHC), and spectral clus-
tering [7-10]. To refine performance, statistical models like the Hidden Markov Model
(HMM) [11] were introduced, with the VBx method [12] demonstrating notable effective-
ness by applying a variational Bayesian HMM to x-vector sequences. Other significant
contributions include the GMM-UBM model [13] and the streaming SF-EV model [14].
Despite extensive research, these cascaded frameworks still suffer from complex training
procedures and cumulative error propagation across modules. More critically, their in-
herent design struggles to handle overlapping speech effectively, leading to performance
bottlenecks in realistic conversational settings [15].

To overcome these limitations, deep learning-based end-to-end neural diarization
(EEND) approaches have emerged. Early deep learning models for speaker diarization
utilized Bidirectional Long Short-Term Memory (BLSTM) networks [16]. With the introduc-
tion of the attention mechanism, self-attention-based EEND models became the mainstream
approach [17,18]. However, the direct application of these early end-to-end models was
prone to overfitting and remained insufficiently effective in handling speaker overlap. To
address this more effectively, Horiguchi et al. proposed an extension of EEND based on
Encoder—-Decoder Attractors (EEND-EDA) [19]. This method first employed a Transformer
encoder and used an LSTM-based encoder—decoder to generate multiple attractors. Each
attractor is then multiplied by the embeddings generated by EEND to calculate the speech
activity for different speakers. Wang et al. improved the loss function of EEND-EDA,
proposing an end-to-end method with Absolute Speaker Loss (LS-EEND) [20]. Addition-
ally, Kinoshita et al. proposed the end-to-end neural diarization with vector clustering
(EEND-VC) method [21], which integrates end-to-end modeling with clustering-based di-
arization principles to combine the strengths of both approaches. Hiarkonen et al. proposed
the EEND-M2F method that employs the masked attention mechanism to generate speaker
activity masks directly [22].

Building upon EEND-VC, researchers have attempted to integrate various clustering
algorithms. For instance, Delcroix et al. combined the variational Bayesian HMM clustering
algorithm for x-vectors (VBx) [12] with the EEND model, proposing the Multi-Stream VBx
(MS-VBx) model [23]. While such approaches strengthen the role of clustering and reduce
output variability, their performance remains sensitive to dataset scale and suffers in the
presence of multiple speakers and overlaps due to simplified clustering mechanisms. Par-
allel efforts have sought deeper integration with deep neural networks (DNNs), yielding
methods such as the Unbounded Interleaved-State RNN (UIS-RNN) [24], SSGD [25], and
Target Speaker VAD (TS-VAD) [26]-the latter two having demonstrated notable effective-
ness. More recently, Ahmed et al. introduced the Neuro-TM Diarizer [27] that integrates
MarbleNet, TitaNet, and a time-delay neural network that further enhanced the perfor-
mance of speaker diarization. The powerful deep learning principles driving these EEND
advancements have also demonstrated significant potential across diverse domains such as
neutron-gamma discrimination [28] and one-shot talking head generation [29].

Despite these significant advances, end-to-end methods face several persistent chal-
lenges. These include limited generalizability to speaker counts beyond the training
distribution, high computational costs from iterative inference or global attention, sig-
nificant latency from sequential decoders, and a heavy reliance on large-scale simulated
data that often leads to performance degradation in cross-domain scenarios. Crucially, a
common shortcoming across many existing approaches is their primary focus on mod-
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eling global temporal context, while neglecting the local acoustic structures and texture
details embedded in the speech spectrogram. These fine-grained features are essential
for characterizing speaker individuality. This insufficient mining of discriminative local
information ultimately limits the model’s capability in highly overlapping and complex
acoustic environments.

To address this gap, we propose an end-to-end speaker diarization method enhanced
by a texture feature fusion module. The novel contributions are summarized as follows:

e  Design of the ECB-CGA module: A texture-aware feature fusion module is proposed,
adopting a multi-branch convolutional design inspired by image processing tech-
niques. It leverages Sobel and Laplacian operators to extract complementary texture
and edge features, enhancing the model’s ability to capture discriminative patterns in
overlapping speech.

e  Dynamic attention mechanism: A dynamic attention mechanism is introduced, which
adaptively allocates weights based on input characteristics. This improves model robust-
ness in overlapping speech scenarios by prioritizing critical temporal-spectral regions.

e Integration into EEND-VC framework: The ECB-CGA module is integrated into
the EEND-VC framework to construct the EEND-ECB-CGA model. This integra-
tion effectively improves diarization performance, particularly in complex acoustic
environments with overlapping speech.

The rest of the paper is organized as follows: Section 2 (Methods) reviews the EEND-
VC framework and details the proposed method. Section 3 (Experimental setup) outlines
the experimental configuration and datasets. Section 4 (Results and Discussion) presents
and discusses the empirical findings, while Section 5 (Conclusions) summarizes the study.

2. Methods

While most existing speaker diarization methods focus on the time—frequency charac-
teristics of speech signals, they often overlook inherent structural information embedded
in the spectrogram. To address this problem, we enhance the end-to-end model within
the End-to-End Neural Diarization with Vector Clustering (EEND-VC) framework by in-
tegrating an Edge-Oriented Convolution Block (ECB) into the Content-Guided Attention
(CGA) mechanism, forming a novel ECB-CGA feature fusion module. This integration
enables the model to capture richer structural and multi-scale representations, thereby
improving diarization accuracy. We begin by reviewing the baseline EEND-VC method
and subsequently detail our proposed approach.

2.1. EEND-VC Method

The EEND-VC framework consists of two parts: neural network training and cluster-
ing computation, as illustrated in Figure 1. To manage computational complexity, the input
audio is first divided into fixed-duration, non-overlapping chunks. For each chunk, frame-
level feature sequences are extracted and processed by a neural network to estimate speech
activities. This separation task is formulated as a multi-label classification problem and
handled through a series of Transformer encoders and linear layers. After the separation
task, speaker embeddings are further computed and extracted.
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Figure 1. Block diagram of the EEND-VC system.

For the i-th chunk, the network first extracts frame-level features h;; through an
encoder, then outputs the activity probability for the s-th speaker via a linear layer
LinearsS [21]:

Vtis = sigmoid (Linear?(ht,i))

(1)
Linear( (hy ;) = Wy ihy; + by ;.

where 1, ; is a D-dimensional internal representation, Linear?(-) : RP — R! is a fully
connected layer to estimate the diarization result, and sigmoid(-) is the element-wise
sigmoid function [21].

Simultaneously, the network generates frame-level embeddings z; ; ; through another
linear layer Linear;. A chunk-level speaker embedding is obtained by performing a

weighted summation using the activity probability [21]:

T =~
A Li=1Yis2t,
8ris = _et=1 JELE0LS )

T A
HZt:l YtisZtis

This embedding is normalized to ensure compact distances within the same speaker
class and separation between different speakers in the embedding space. EEND-VC
employs a multi-task loss function to jointly optimize speaker activity prediction and
embedding quality [21]:

L= (1 - “)Ldiﬂrizution + “Lspeuker 3)

Here, « is a hyper-parameter to weight the two loss functions that was set at 0.01
according to the parameter setting in [21], Lyjsrization USes permutation-invariant training
(PIT) to minimize binary cross-entropy, and Lseqer employs contrastive loss. The extracted
speaker embeddings are then clustered to associate speaker labels across segments.
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Typically, each chunk is assumed to contain speech from two speakers. However,
since the total number of speakers in a recording may exceed the number per chunk,
and the system can output speakers in any order, speaker ambiguity arises in the EEND
stage output. EEND-VC uses the Agglomerative Hierarchical Clustering (AHC) algo-
rithm to cluster speaker embeddings to resolve this ambiguity, associating labels across
chunks and estimating the correct number of speakers. This method reduces memory
consumption through chunking and utilizes embedding clustering to achieve long-term
contextual consistency, providing a solution that balances efficiency and accuracy for
complex conversational scenarios.

A key limitation of this approach, however, is its heavy reliance on the accuracy of
the speaker embeddings extracted by the EEND model. This reliance poses a problem
because conventional clustering methods struggle with speech segments containing overlap,
leading to a significant degradation in performance. As shown in Figure 1, ‘NN’ denotes
the aforementioned neural network process, where, during clustering, three different
overlapping features are incorrectly grouped into one class. To mitigate this, we introduce
a novel Edge-Oriented Convolution Block and Content-Guided Attention (ECB-CGA)
module to enhance speaker feature representation.

2.2. Feature Fusion Module
2.2.1. Content-Guided Attention

The Content-Guided Attention (CGA) module [30] is an advanced attention mecha-
nism in deep learning designed to enhance the network’s focus on task-relevant regions,
thereby improving feature representation. The detailed process of CGA is illustrated in
Figure 2. Initially applied in image dehazing, it performs weighted processing on input
feature maps. The module consists of three core components: spatial attention, channel
attention, and weight refinement, generating channel-specific Spatial Importance Maps

RCXHXW

(SIMs) in a coarse-to-fine manner. Let X ¢ represent the input feature map. The

goal of CGA is to generate channel-specific SIMs (W € R©*H*W) with the same dimensions

as X.

[ ap | [ Gap ||| [ _Gap |
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Figure 2. Structure diagram of the CGA module.

2.2.2. Spatial Attention

In the spatial attention branch, Global Max Pooling (GMP) and Global Average Pooling
(GAP) are first applied to the input feature X. GMP selects the maximum value along
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the spatial dimensions for each channel, highlighting the most significant activation loca-
tions, while GAP averages each channel over the spatial dimensions, providing smoother
global statistics. The outputs are concatenated along the channel dimension to form a com-
plementary representation of spatial information, providing richer input for subsequent
convolution operations. After pooling and concatenation, a7 X 7 convolution layer is used
to transform the concatenated features. The output of this convolution can be regarded as a
preliminary estimate of the spatial distribution, denoted as W;, which will be fused with
the output from the channel attention branch later.

2.2.3. Channel Attention

The structure of the channel attention module includes an average pooling layer,
two 1 X 1 convolution layers, and a ReLU activation function. The channel attention
branch first performs global average pooling on the input feature X along the channel
dimension. Specifically, this operation averages the data of each channel over the spatial
dimensions, resulting in a one-dimensional vector equal in length to the number of channels,
representing the overall activation level of each channel. After obtaining the channel-wise
average pooling result, a nonlinear mapping is performed usinga 1l x 1 convolution and
ReLU activation function. Subsequently, another 1 x 1 convolution layer maps the channel
number back to the original dimension, yielding the channel attention map W,.. This map
reflects the importance of each channel for the overall feature representation.

2.2.4. Weight Refinement

After completing the spatial and channel attention branches, the CGA module fuses
the generated attention maps W; and W, through addition, obtaining a preliminary fused
attention map Weos. This map is then concatenated with the original features or certain
intermediate features along the channel dimension to combine information from different
dimensions. Next, a channel shuffle operation is applied to the concatenated result to
encourage cross-channel information exchange, followed by a 7 x 7 Group convolution
layer. Group convolution reduces the number of parameters while enhancing the processing
capability for local channel groups, allowing more targeted extraction of features within
the same group. This further refines the attention information and improves the network’s
learning of inter-channel dependencies. The output of the group convolution is normalized
by a sigmoid activation function, producing the final attention weight W. Each value of this
weight falls within the range [0, 1], indicating the importance of that location for subsequent
feature learning. By combining with the input feature through element-wise multiplication
or other methods, the network can adaptively focus on more critical regions or channels,
achieving refined feature recalibration.

2.2.5. Feature Fusion Refinement

The CGA module processes high-level features from the spatial branch and low-level
features from the channel branch, which are denoted as Fyjgn and Fow, respectively. The
weight for the low-dimensional feature is denoted as W, and for the high-dimensional
feature, it is denoted 1 — W. The product of the weights and features of different dimensions
is summed with the original feature, and thena 1 x 1 convolution C; i is used to map
the features back to the original dimension, obtaining the final fused feature. Feature
refinement and fusion are performed as follows [30]:

Fruse = C1 x 1 (Flow'W+Fhigh'(1 - W) + Fow + Fhigh) 4)

This method preserves original information to a great extent while acquiring features
from more dimensions, which is beneficial for subsequent embedding feature extraction.
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2.3. Edge-Oriented Convolution Block (ECB)

The ECB module [31], as shown in Figure 3, is an efficient multi-branch parallel
convolution structure designed to extract rich local information and edge gradients from
input features. The ECB module employs a multi-branch parallel architecture inspired by
multi-scale feature extraction techniques used in signal processing and computer vision.
It utilizes standard convolutions to extract basic textures, complemented by Sobel and
Laplacian operators that specifically capture edge and second-order structural features,
respectively. The outputs of each branch are fused to generate highly discriminative features
that preserve global semantics while enhancing local details. The ECB module contains five
parallel branches, denoted as T; to Ts, each performing different convolution or filtering
operations. The output y of the ECB layer can be expressed by the following formula:

Yy=y1 + Y, + Ys+ ya+ ys )

where 11, 2, ¥3, ¥4, and ys5 represent the outputs of the five branches, respectively.

T Ts Ta Ts
4 ! ! 4
T Conv- Conv- Conv- Conv-

$ 1<1 1x1 3%3 1%1

e N LT T ]

343 i SobelT SobelF Laplacian

I A S

Figure 3. Structure diagram of the ECB module.

The five parallel branches constitute a multi-resolution feature extraction system. T is
a 2D convolution with a 3 x 3 kernel and padding of 1, which can extract basic texture
features within a local range, preserving spatial resolution while performing smooth
aggregation of neighborhoods. Every other branch contains two convolution blocks, and
the first convolution block in each layer is a 2D convolution with a 7 x 7 kernel.

The second convolution block in T; is a 2D convolution with a 3 x 3 kernel. Let X
represent the input to the ECB layer. The T, layer can be expressed as:

Y2 = conv3(convl(X)) (6)

In Equation (6), conv3(-) and conv1(-) denote 3 x 3 convolution and 1 x 1 convolution,
respectively.

T3 and T4 use custom convolution kernels as the second convolution to capture
gradient information in different directions. The custom kernels can be represented by:

Wb, = Sp, D1, Wp, = Sp,-Dr )

where Wp, and Wp,, represent the second convolution kernels for T3 and Ty, respectively.
Sp; and Sp, represent the learnable parameters for the second convolution kernels of T3
and T4. D1 and Dy represent the first-order edge feature extraction along the time and
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frequency dimensions of the speech spectrogram using Sobel operators, identifying local
directional changes. Dt and D are defined in Equation (8):

+1 0 -1 +1 +2 +1
Dr=|+2 0 -2|,Dg= |0 0 0 ®)
+1 0 -1 -1 -2 -1

Then, the T3 and T4 layers can be expressed as:

y3 = Wp, Q) (conv1(X)) + Bp,, ya = Wp, @) (conv1(X)) + Bp, )

where @ denotes the convolution operation. Bp, and Bp, represent the initial biases for
the T3 and T, convolution layers, respectively.

The Ts employs a Laplacian operator Dj,p, capturing second-order structural vari-
ations critical for characterizing complex textures. This layer can further mine detailed
structures such as inflection points and corner points, exhibiting good discriminative ability
for complex textures. The custom kernel can be represented by:

Wlap = SDlap’Dlap (10)

where Wi, represents the second convolution kernel for the Ts, SDlap represents the learn-
able parameter for the second convolution kernel of Ts, and Dy,;, represents the second-
order edge feature extraction of the speech spectrogram using the Laplacian operator,
implementing second-order gradient detection through a second-order difference form,
helping to capture subtle structures like inflection points and corners. Then, the Ts layer
can be expressed as:

ys =Wp,, Q) (conv1(X)) + Bp,,, (11)

where BDlap represents the initial bias for the Ts convolution layer and Dj,p, is defined as:

0 +1 0
Dip = [+1 —4 +1 (12)
0 +1 0

The multi-operator parallel structure of ECB processes input features through multi-angle
filtering in the same layer, enabling the capture of significant edges, corners, and other
high-frequency information, as well as appropriate aggregation of low-frequency or smooth
regions, thereby generating richer texture feature representations.

2.4. Texture Feature Fusion Module

In the original EEND-VC framework, the channel attention mechanism weighted
channels based on global statistics, often lacking sensitivity to subtle differences in local
regions of the feature map. In practical applications, as the network’s demand for multi-
scale textures, edges, and global context increases, relying solely on the single weighting
strategy of channel attention is insufficient to handle more complex feature distributions.
To address this, we design the ECB-CGA module by replacing the channel attention in
CGA with an Edge-Oriented Convolution Block (ECB).

As shown in Figure 4, the module starts with frequency-domain feature input, then
extracts features of different dimensions through the spatial attention branch and the ECB
module. The shape of the 7 x 7 convolution in the spatial attention branch is adjusted
to 2 x 2. The output of the ECB, together with the spatial attention branch, generates
the attention map W. The high-level features are obtained by summing the outputs of the
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spatial attention branch and the ECB module, while the low-level features are obtained
from the original frequency-domain features. The high and low-level features are fused
with different weights W and 1 — W using Equation (4). This adaptive scale weighting em-
phasizes relevant structural information at different resolutions. Then, the final integration
is performed at the 1 x 1 convolution stage. In this study, the ECB module and the CGA
module have consistent input/output dimensions, both being (C, H, W) = (1, 256, 500).
Here, W is the number of time frames in a single chunk, which is fixed at 500 frames during
training, corresponding to 50 s audio with 10 ms frame shift, and is adjustable during
inference. H is the feature channel dimension, which is fixed at 256, consistent with the
output dimension of the Transformer encoder. C is the channel number. The shape of input
X to the ECB-CGA module is (W, H) = (500, 256) (training phase), where X is the frame-level
feature map output by the Transformer encoder.

!
[ GMP | GAP |
ECB
Spatl.al 2x2Conv
Attention
o De J
V
—
Channel
Shuffle

2-2Conv

Sigmoid

-

Low-level

features l

Figure 4. Structure diagram of the ECB-CGA module.

High-level
features

1<1Conv

Output

The high-level features typically carry more global semantic information but often lack
local precision, while the low-level features contain abundant detailed textures but have
insufficient semantic generalization capability. With the new texture feature fusion module,
the network is able to retain global semantic information from high-level features while
incorporating the detailed local gradient and texture information extracted by the ECB. The
low-level features are thus amplified in a targeted manner during fusion. Compared to the
original channel attention, the ECB provides richer edge and second-order information,
complementing the spatial attention to achieve a superior balance between global and local
feature processing.
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2.5. End-to-End Speaker Diarization Method Based on Texture Feature Fusion

Based on the idea of texture feature fusion, the ECB-CGA module is integrated into
the EEND-VC framework to construct an improved end-to-end speaker diarization (EEND-
ECB-CGA) system. The overall structure of the EEND-ECB-CGA model is depicted in
Figure 5.

Clustering

Speaker Embedding

[ ]

Sigmoid Sigmoid
t i | |
ECB-CGA ECB-CGA

Frequency
Feature

ECG-CGA module

Figure 5. Block diagram of the EEND-ECB-CGA module.

As illustrated in Figure 5, the ECB-CGA module is inserted after the Transformer
encoder and a subsequent linear projection layer. This module employs a multi-branch
parallel convolution design, integrating conventional convolution, Sobel, and Laplacian
operators, among other filtering operations, to extract multi-scale, multi-angle local texture
and edge information from the input features. Inside the module, through operations
such as convolution, pooling, and channel shuffle, adaptive fusion of the outputs from
each branch is achieved, generating a spatial importance map with higher discriminability,
providing precise guidance for subsequent feature recalibration. This effectively integrates
local details with global semantics, enhancing the robustness and discriminative capability
of the overall feature representation.

After completing the speech separation task, the system further computes and extracts
speaker embeddings within each speech chunk. Since each chunk is typically preset to
contain two speakers, while the actual number of speakers in a recording might be larger,
ambiguity exists in the EEND stage output. To solve this problem, the Agglomerative
Hierarchical Clustering (AHC) algorithm is used to jointly analyze the speaker embeddings
extracted from all chunks, thereby accurately estimating the correct associations of speaker
labels across chunks. Finally, based on the clustering results, the separation results from
each speech chunk are concatenated into a complete diarization output.

By incorporating the texture feature fusion module, the system can fully capture local
details and edge information following the encoder layers, compensating for the limitations
of traditional channel attention modules in handling overlapping speech and complex
backgrounds. This improvement not only enhances the accuracy of speaker embeddings
but also makes subsequent clustering computations more stable, providing a more efficient
and robust solution for end-to-end speaker diarization.
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3. Experimental Setup
3.1. Hardware and Software Configuration

All experiments were conducted on a Linux workstation equipped with an AMD
Ryzen 5 2600X Six-Core Processor (3.60 GHz) (AMD, Santa Clara, CA, USA), 16 GB of
RAM, and an NVIDIA GTX 1650 SUPER GPU with 8 GB of VRAM (NVIDIA, Santa Clara,
CA, USA). Our models were implemented using the Python 3.11 and PyTorch 2.0 deep
learning framework.

3.2. Datasets

To comprehensively evaluate the proposed method, we utilized three publicly avail-
able datasets: LibriSpeech, its subset LibriSpeech_mini, and VoxConverse.

e  LibriSpeech & LibriSpeech_mini [32]: The LibriSpeech dataset is a large-scale corpus
of read English speech derived from audiobooks, containing approximately 460 h of
clean speech from 1172 speakers. The LibriSpeech_mini dataset is a standard subset of
LibriSpeech. As these datasets contain only single-speaker recordings, we followed
common practice to simulate two-speaker conversational mixtures for training and
evaluation. This is achieved by overlaying speech segments from different speakers,
with varying degrees of overlap, and adding background noise and reverberation. To
simulate two-speaker conversational audio, segments were randomly selected from
different speakers, with noise and reverberation added using the MUSAN dataset [33].
A two-second silent interval was inserted between speaker segments to mimic real
dialog pauses. Reverberation was simulated using 1000 impulse responses, and the
signal-to-noise ratio (SNR) was randomly chosen from {5, 10, 15, 20} dB. Training,
development, and test sets were generated with overlap ratios ranging from 10% to
90%, each containing 500 simulated two-speaker dialogs. The LibriSpeech dataset and
its mini version are used for comparing the proposed method and the baseline method
in the experiments.

e VoxConverse [34]: The VoxConverse dataset is a challenging, real-world dataset for
speaker diarization, consisting of multi-speaker audio clips extracted from YouTube
videos. It is divided into a development (dev) set (216 recordings) and an evaluation
(eval) set (232 recordings). The recordings range from 22 to 1200 s in duration and
contain between 1 and 21 speakers, presenting a more complex and realistic scenario
compared to the simulated LibriSpeech data. This dataset was used to assess the
generalization capability of the proposed model and to compare the proposed model
to the other mainstream methods.

3.3. Training of the EEND-ECB-CGA Model

The proposed EEND-ECB-CGA model was first trained and validated on the Lib-
riSpeech_mini dataset (8 kHz sampling rate) to conserve computational resources. For
feature extraction, 23-dimensional log-Mel filterbank coefficients were computed using
a 25 ms frame length and 10 ms frame shift. During training, audio was divided into
non-overlapping chunks of 500 frames (50 s). At inference, the model used chunk-level
processing combined with the AHC algorithm for diarization. Approximately 25% of
test chunks contained fewer than two speakers, while the rest had exactly 2 speakers.
The AHC was configured with Euclidean distance as the affinity measure and average
linkage method, using a distance threshold 6 as the stopping criterion, where clustering
terminates when the distance between clusters exceeds this preset value. The threshold
6 was determined empirically by selecting the value that yielded the best Diarization Error
Rate performance on the development set. Regarding the baseline comparison, we note
that the original EEND-VC framework typically assumes two speakers per chunk and can
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therefore assign clusters directly without AHC, whereas our method employs AHC to
handle variable speaker counts in more realistic scenarios.

The EEND-ECB-CGA encoder incorporates two multi-head attention blocks, each
with 256 units divided into four heads. Training used the Adam optimizer with a batch size
of 64 for 50 epochs, and the final model was obtained by averaging parameters from the last
10 epochs. The learning rate was set to 0.01, with a maximum of two speakers per chunk
and a speaker embedding dimension of 256. The same training procedure was applied to
the larger LibriSpeech dataset, which contains 460 h of clean speech from 1172 speakers,
yielding 20,000 training mixtures (258 h) and 500 validation mixtures (23 h).

4. Results and Discussion
4.1. Comparison with Baseline Systems

To evaluate the performance of speaker diarization, we employed Diarization Error
Rate (DER) as the evaluation metric. This metric aggregates errors from missed speaker
speech (Miss), false alarms (FA), and speaker confusion (SC), calculated as the sum of these
components divided by the total speech time as follows [35]:

FA + Miss + SC

DER = Total Duration of Time (13)

Here, FA is calculated by measuring the time intervals where the system outputs speaker
labels but no speaker is present in the ground truth. Miss is calculated by measuring the
time intervals where a speaker is present in the ground truth, but the system does not
output a speaker label. SC is calculated by measuring the time intervals where the system
outputs a speaker label, but the label does not match the ground truth speaker.

We first evaluated the performance on two-speaker mixed speech segments in a
clean environment. Table 1 presents the detailed breakdown of DER components on the
LibriSpeech_mini dataset for two overlap ratio ranges. The proposed EEND-ECB-CGA
method demonstrates a superior balance across all error types compared to the baseline
EEND [16] and EEND-VC [21] models. While the original EEND model exhibits high
false alarm rates, and EEND-VC suffers from high miss rates, our approach effectively
mitigates these extremes. This is particularly evident as the overlap ratio increases from
20 to 30% to 40-50%, where EEND-ECB-CGA maintains a lower speaker confusion rate,
underscoring its enhanced capability to discriminate between speakers in challenging
overlapping segments.

Table 1. Experimental results of the EEND-ECB-CGA method on the LibriSpeech_mini dataset
compared with baselines.

LibriSpeech Mini
Overlap Ratio (%)
Method 20-30 40-50
Miss FA SC Miss FA SC
EEND 6.4 22.8 2.1 55 25.3 35
EEND-VC 24.0 4.7 8.6 33.2 3.8 8.2
EEND-ECB-CGA 16.2 9.4 5.0 18.3 115 6.0

The overall DER comparison on the larger LibriSpeech dataset, as given in Table 2,
further corroborates these findings. Our method achieves the lowest DER values under both
overlap conditions (4.4% for 20-30% overlap and 5.6% for 40-50% overlap), consistently
outperforming not only the standard EEND but also the improved EEND-EDA [19] and
the strong EEND-VC baseline. This consistent performance gain across datasets of different
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scales highlights the robustness of our texture feature fusion approach. The performance
improvement of EEND-ECB-CGA can be attributed to its ability to model the multi-scale
structural regularity of speaker characteristics.

Table 2. Experimental results of the EEND-ECB-CGA method on the LibriSpeech_dataset compared

with baselines.

LibriSpeech
Overlap Ratio (%)
Method 20-30 40-50
DER DER
EEND 9.8 9.6
EEND-EDA 7.6 9.6
EEND-VC 4.6 6.0
EEND-ECB-CGA 4.4 5.6

We conducted multiple runs with different random seeds to assess the statistical
significance of our results. On the LibriSpeech dataset (20-30% overlap), the DER for
EEND-VC was 4.60% = 0.08%, while our EEND-ECB-CGA achieved 4.41% =+ 0.07%. This
improvement is statistically significant (p < 0.05, paired t-test).

A qualitative analysis of the spectrograms provides intuitive insights into the separa-
tion quality. Figure 6 displays the spectrograms of noisy, mixed speaker audio, character-
ized by significant clutter and energy overlap. In contrast, the diarization results produced
by our EEND-ECB-CGA model plotted in Figure 7 show clearer segment boundaries and
more distinct speaker activities. The enhanced separation clarity visible in the spectrograms
aligns with the quantitative reduction in error rates, particularly in missed detections.
This visual evidence confirms that the ECB-CGA module enables more effective audio
separation, even though some highly overlapping regions remain challenging.

Figure 6. Spectrograms of noisy mixed speaker audio. (a—d) represent different noisy mixtures,
respectively. (a) noisy mixture #1; (b) noisy mixture #2; (c) noisy mixture #3; (d) noisy mixture #4.
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Figure 7. Spectrograms of speaker diarization results for different mixtures. (a) diarization results for
mixture #1; (b) diarization results for mixture #2; (c) diarization results for mixture #3; (d) diarization
results for mixture #4.

4.2. Comparison with Mainstream Methods

To further substantiate the experimental findings, this paper compares the proposed
method with other mainstream methods on the VoxConverse dataset, which are considered
benchmarks for speaker diarization in overlapping speech scenarios. The mainstream
methods include:

e ETDNN + AHC and ETDNN + SC systems: These systems utilize an Extended
Time-Delay Neural Network for speaker embedding extraction, followed by either Ag-
glomerative Hierarchical Clustering (AHC) or Spectral Clustering (SC), as configured
in [36].

e  DiaPer system: A method that integrates visual information with speech features and
employs perception guidance to optimize speaker activity detection [37].

e EEND-EDA: An end-to-end model that generates multiple attractors via an encoder—
decoder structure [19].

e EEND-MZ2F: An end-to-end model based on masked-attention transformers that di-
rectly generates speaker activity masks without clustering [22].

e  The LibriSpeech dataset typically contains only 2-3 speakers, whereas VoxConverse
contains more recordings with a higher number of speakers per recording. Comparing
the EEND-ECB-CGA system with EEND-M2F, EEND-VC, and other methods, as well
as multi-stage methods, it is observed from the results in Table 3 that the EEND-ECB-
CGA method reduces the error rate by approximately 2% compared to the baseline
(EEND-VC) and shows significant improvements over mainstream methods such as
EEND-M2F. The performance gain is primarily due to the ECB-CGA module’s dual
design principles that address the challenges of overlapping speech scenarios. First,
the edge convolution block (ECB) employs Sobel and Laplacian operators to extract
fine-grained spectral textures, which are critical for identifying speaker-specific edge
patterns in overlapping regions. These operators enable the model to detect subtle
acoustic boundaries between speakers that are often obscured in conventional feature
extraction methods. Second, the content-guided attention (CGA) mechanism dynam-
ically fuses global contextual information with these local texture features, creating
a representation that adapts to complex acoustic environments characterized by a
higher number of speakers, overlapping speech, and real-world noise, demonstrating
its good generalization capability.
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Table 3. Experimental results of the EEND-ECB-CGA system on the VoxConverse_dataset compared
with Mainstream Methods.

Dataset Method DER
ETDNN + AHC 13.41

+SC 14.02

DiaPer 22.10

VoxConverse EEND-EDA 15.75
EEND-M2F 15.99

EEND-VC 14.36

EEND-ECB-CGA 12.64

4.3. Ablation Study

e To validate the effectiveness of the ECB-CGA module, two model variants were
designed for ablation experiments:

e  EEND-ECB: The ECB module was directly integrated into the Transformer framework
of the EEND-VC model, allowing frequency features to be processed directly by the
ECB module to capture spectral edge texture features.

e EEND-CGA: The CGA feature fusion module was added to the EEND-VC model,
where the untreated frequency features were used as low-dimensional inputs and
fused with high-dimensional features.

These two variants, along with the original EEND-VC and the proposed EEND-ECB-
CGA, were compared using both the LibriSpeech and LibriSpeech_mini datasets. The
results of the ablation study are shown in Figure 8a,b.

80 14

EEND-VC
EEND-VC . EEND-CGA
60 EEND-CGA EEND-ECB
EEND-ECB 10 EEND-ECB-CGA
=40 = 8
2 6
20 4
2
0 0
20~30 30~40 40~50 50~60 20~30 30~40 40~50 50~60
Overlap ratio(%) Overlap ratio(%)
(a) (b)

Figure 8. Performance metrics comparison of different models on (a) the LibriSpeech_mini dataset
and (b) the LibriSpeech dataset.

From the figures, it can be observed that compared to the EEND-VC method, EEND-
CGA consistently shows a reduction in error rate across all overlap ratios on both datasets,
indicating the effectiveness of the CGA feature fusion approach. EEND-ECB, which uses
the ECB module alone, exhibits a higher error rate than EEND-VC, particularly in high
overlap scenarios (e.g., 50-60% overlap on LibriSpeech_mini, where EEND-ECB’s error
rate becomes significantly higher than EEND-VC).

It can also be observed from the figures that EEND-ECB-CGA achieves significant
improvements over EEND-VC on the LibriSpeech_mini dataset at all overlap ratios. On
LibriSpeech, this method also performs better than EEND-VC, with a notable improvement
at a 50-60% overlap ratio. These results demonstrate the effectiveness of the CGA approach
and the fusion of the ECB-CGA module to enhance speaker diarization performance.



Mathematics 2025, 13, 3950

16 of 19

The ablation results reveal a critical synergy between the ECB and CGA modules. The
standalone ECB module, specialized in extracting high-frequency edge and texture features,
appears to enrich the feature set with fine-grained, locally discriminative information.
However, in the absence of the CGA’s global contextual refinement, these localized features
may lack the structural coherence necessary for stable clustering. Our analysis indicates that
the ECB-alone features, while discriminative in a local context, introduce a form of ‘high-
dimensional noise” or fragmented representations that disrupt the formation of compact,
speaker-homogeneous clusters in the embedding space. This aligns with the observed
increase in error rate, particularly in high-overlap scenarios where cluster separability is
most challenging.

4.4. Computational Complexity Analysis

Due to the relative complexity of the added components in the proposed framework,
the proposed EEND-ECB-CGA model increases the per-chunk neural network processing
time by approximately 20% compared to EEND-VC. This additional cost is primarily
located in the forward pass of the neural network for each audio chunk and can be broken
down as follows:

e ECB Module: This module employs five parallel convolutional branches. While the
fixed Sobel and Laplacian operators are computationally inexpensive, the multiple
standard convolutional layers (especially the 7 x 7 convolutions) increase the number
of floating-point operations (FLOPs).

e  CGA Module: This module adds operations for spatial and channel attention, includ-
ing global pooling, additional convolutions, channel shuffle, and the feature fusion
process itself.

Although our method is computationally more expensive than EEND-VC, it achieves
a 12.0% relative reduction in DER on the challenging VoxConverse dataset and consistent
improvements on LibriSpeech under various overlap conditions. We believe that this
substantial boost in accuracy amply justifies the moderate computational increase.

5. Conclusions

This paper has presented EEND-ECB-CGA, an enhanced end-to-end speaker diariza-
tion architecture designed to address the persistent challenge of overlapped speech. The
proposed method introduces a texture-aware fusion module that integrates Edge-oriented
Convolution Blocks (ECB) with Content-Guided Attention (CGA). This design enables
the capture of complementary spectro-temporal information, effectively combining fine-
grained acoustic texture features and global context features to form more discriminative
speaker representations.

Empirical evaluations demonstrate the effectiveness of our approach. The EEND-
ECB-CGA model achieved a diarization error rate (DER) of 12.64% on the challenging
VoxConverse dataset, representing a significant improvement over the EEND-VC baseline
and outperforming other mainstream methods. Consistent performance gains were also
observed on the LibriSpeech benchmarks under various overlap conditions. Ablation
studies confirmed that the integration of the ECB and CGA modules is crucial for this
performance boost, as neither component alone could achieve the same robust results.

This work facilitates robust speaker diarization in real-world applications where
overlapping speech and noisy environments are pervasive, thereby addressing a key
limitation in prior systems. Future work will explore adaptive clustering mechanisms to
better handle recordings with highly variable speaker counts. Additionally, we plan to
investigate domain-specific optimizations for particular acoustic environments (e.g., in-car,
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far-field) and to refine the model for greater computational efficiency to facilitate its broader
industrial deployment.
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