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Abstract
In speaker diarization, traditional clustering-based methods re-
main widely used in real-world applications. However, these
methods struggle with the complex distribution of speaker em-
beddings and overlapping speech segments. To address these
limitations, we propose an Overlapping Community Detec-
tion method based on Graph Attention networks and the La-
bel Propagation Algorithm (OCDGALP). The proposed frame-
work comprises two key components: (1) a graph attention net-
work that refines speaker embeddings and node connections by
aggregating information from neighboring nodes, and (2) a la-
bel propagation algorithm that assigns multiple community la-
bels to each node, enabling simultaneous clustering and over-
lapping community detection. Experimental results show that
the proposed method significantly reduces the Diarization Error
Rate (DER), achieving a state-of-the-art 15.94% DER on the
DIHARD-III dataset without oracle Voice Activity Detection
(VAD), and an impressive 11.07% with oracle VAD.
Index Terms: speaker diarization, graph attention network, la-
bel propagation, overlapping community detection

1. Introduction
Speaker diarization is designed to segment the conversational
audio signals into distinct segments with labeled speakers’ iden-
tities, effectively addressing the problem of “who spoke when”
[1]. In recent years, speaker diarization technology has gained
widespread application across diverse fields, such as meeting
transcription, conversational analysis [2]. However, real-world
scenarios still face issues like speech overlap and unknown
speaker counts.

Current representative speaker diarization systems can be
broadly categorized into two types: end-to-end systems and
modular systems. End-to-end systems can directly process raw
audio and produce diarization results [3, 4]. These systems
demonstrate notable strengths in handling overlapping speech,
but still face challenges such as ambiguous speaker label assign-
ments. Additionally, methods like Target Speaker Voice Activ-
ity Detection (TS-VAD) [5, 6] are highly reliant on initial clus-
tering results. In contrast, the modular framework, also known
as Clustering-based Speaker Diarization (CSD), typically com-
prises four components: Voice Activity Detection (VAD), a
speaker representation extractor, a clustering module, and a
post-processing module. The clustering module often employs
traditional unsupervised clustering methods such as Agglomer-
ative Hierarchical Clustering (AHC) [7], or Spectral Clustering
(SC) [8]. However, the complex distribution of speaker embed-
dings and the sensitivity of various methods to hyperparameters
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Figure 1: An illustration of the speaker diarization system
pipeline with the OCDGALP clustering method.

can impact the classification performance of these systems.
For high-dimensional speaker embeddings such as x-vector

[9], Graph Neural Network (GNN) can effectively leverage re-
lational information between data points to further refine the
speaker embeddings, thereby enhancing their representative-
ness. Wang et al. [10] initially used Graph Convolutional Net-
work (GCN) to refine speaker embeddings, effectively separat-
ing different speakers within a conversation. Wang and Zheng
[11, 12] formulated the clustering task as a community detec-
tion problem to achieve speaker classification. Despite signifi-
cant progress in clustering, these methods still face challenges
with overlapping audio, indicating that spatial relationships in
speaker embeddings remain underutilized.

Inspired by the aforementioned works, this paper proposes
a novel speaker diarization method based on Graph ATtention
network (GAT) and label propagation, with the system flow il-
lustrated in Figure 1. Our main contributions are as follows:
• Enhanced Speaker Embedding Representation: The speaker

embedding graph is fed into the GAT, where high-
dimensional embeddings are projected into a lower-
dimensional space. This transformation provides a clearer
representation of speaker relationships, thus facilitating sub-
sequent clustering.

• Integrated Clustering and Overlap Detection: By combin-
ing clustering with overlap detection, label propagation lever-
ages node connections predicted by the graph neural network.
This enables iterative partitioning of overlapping communi-
ties, effectively addressing overlapping speech.

• State-of-the-Art Performance: Experimental results show
that the proposed method significantly reduces Diarization
Error Rate (DER). Specifically, it achieves a remarkable
15.94% on the DIHARD-III dataset [13] without oracle VAD
and an impressive 11.07% with oracle VAD.
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2. Related works
2.1. Graph attention network

In our work, a modified GAT model is used to update the
speaker embedding graph. Assuming L-layer graph attention
network, where l ∈ {1, 2, ..., L} represents the layer index, we
take the embedding matrix H ∈ RK×D , which consists of pre-
extracted speaker embeddings, along with the adjacency matrix
A ∈ RK×K as the network inputs, where K is the number of
nodes in the graph and D is the dimension of the embeddings.

Each layer of the graph attention mechanism performs in-
formation aggregation for nodes with the following form:

zi
(l+1) = σ(

∑
j∈Ni

α
(l)
ij W

(l)zj
(l)). (1)

Here, zi(l+1) represents the output feature of node vi in the
embedding matrix H at layer (l + 1). The set Ni, which in-
cludes the neighboring nodes connected to vi (including itself),
can be obtained from the adjacency matrix A. The matrix W
∈ RD1×D2 represents the trainable weight matrix at layer l,
with input and output dimensions of D1 and D2, respectively.
The attention coefficient αij determines the importance of the
neighboring node vj to the node vi. In addition, σ is a nonlin-
ear activation function. According to the method proposed by
Velickovic et al. [14], the attention coefficient α is calculated as
follows:

αij = softmaxj(α̂ij)

=
exp

(
δ
(
aT [Wzi ∥ Wzj ]

))∑
b∈Ni

exp (δ (aT [Wzi ∥ Wzb]))
. (2)

where a ∈ R2·D2 is a learnable weight vector, T denotes
transposition, || is the concatenation operation, and δ(·) is the
LeakyReLU activation function.

2.2. Label propagation algorithm

The Label Propagation Algorithm (LPA) [15] is a fast and ef-
ficient community detection method but struggles with detect-
ing overlaps and maintaining stable results. To overcome these
drawbacks, several improved LPA-based methods have been
proposed, such as COPRA [16], SLPA [17], and DLPA [18]. In
our work, we employ a variant of COPRA, known as LPANNI
(Label Propagation Algorithm with Neighbor Node Influence)
[19], whose algorithmic steps are as follows:

1. For a given network G = (V, E), where V represents the
set of nodes and E represents the set of edges, and u ∈ V ,
v ∈ Ng(u), and Ng(u) represents the set of neighbors of
u, we introduce additional definitions for nodes in the graph:
Node Importance (NI (u)), Node Similarity (Sim(u, v)), and
Neighbor Node Influence (NNI v(u)), which are defined in
the same way as suggested by Lu et al. [19].

2. Nodes are sorted according to NI (u) for label updating. At
this stage, nodes will receive multiple dominant labels from
neighboring nodes, forming a label set:

LNg = {l(c1, b1), l(c2, b2), ...l(cv, bv)}, (3)

where l(cv, bv) denotes the dominant label of neighbor node
v, and bv denotes the belonging coefficient of node v to com-
munity cv . The dominant label is the one in the label set with
the highest belonging coefficient.

3. Recalculate the new belonging coefficient b′(c, u) of node u
to community c using NNI and LNg:

b′(c, u) =

∑
l(cv,bv)∈LNg,v∈Ng(u),cv=c b(cv, v)NNIv(u)∑

l(cv,bv)∈LNg,v∈Ng(u) b(cv, v)NNIv(u)

(4)

Then, the updated label set L′ of node u is generated:

L′ = {l(c1, b′1), l(c2, b′2), ...l(c|L′|, b
′
|L′|)}, (5)

where |L′| denotes the number of the labels in L′. Next,
labels satisfying b′(c, u) < 1/|L′| are adaptively removed,
forming the refined label set L′′.

4. Normalize the belonging coefficients of the labels in L′′ to
obtain the final label set Lu.

The update process follows a historical label priority strat-
egy to reduce propagation randomness. If multiple labels share
the highest belonging coefficients, the dominant label is cho-
sen from those present in the previous iteration; otherwise, it is
selected randomly.

In summary, the LPANNI algorithm enhances the stability
of label propagation through the proposed strategy and effec-
tively assigns multiple labels to overlapping community nodes.
These characteristics make LPANNI particularly well-suited for
addressing overlapping speakers in speaker diarization tasks.

3. Proposed Method
The overall framework of OCDGALP is illustrated in Figure 2.
The following sections provide a detailed introduction to each
module of OCDGALP.

3.1. Graph Generation

In a graph G = (V, E , A) composed of conversations, as illus-
trated in Figure 2(a), the nodes V = {v1, v2, . . . , vN} ∈ RN

are derived from speaker embeddings extracted from audio seg-
ments, while the edges E ∈ RN×N represent the connections
between nodes. The affinity matrix A ∈ RN×N stores edge
weights based on similarity scores computed using probabilis-
tic linear discriminant analysis (PLDA) [20], normalized to the
range [0, 1]. To reduce complexity, only edges with weights
above a threshold µ, treated as a hyperparameter, are retained.

3.2. Graph attention model design

As shown in Figure 2(b), the entire network consists of two
components: a graph attention encoder and a scoring mod-
ule. When the original graph passes through the GAT en-
coder, it learns information from surrounding nodes with dif-
ferent weights, generating a more refined latent speaker embed-
ding graph. Each pair of nodes in this refined graph is then used
as input to the scoring module.

The scoring module consists of fully connected layers with
nonlinear activation functions and is jointly trained with the
GAT layers. During this process, it re-predicts the relationships
between updated graph nodes to generate the reconstructed
speaker embedding graph G′ and the affinity matrix Â. To
preserve important structural information from the original em-
beddings during the encoding process, we propose fusing the
reconstructed affinity matrix Â with the initial affinity matrix
A. The fused affinity matrix Ā is computed as follows:

Ā = (1− ε)Â+ εA (6)
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Figure 2: The architecture of the Overlapping Community Detection based on Graph Attention and Label Propagation Algorithm.

where ε ∈ [0, 1] is a balance coefficient that controls the influ-
ence of different affinity matrices. The loss function used for
model training is defined as the difference between the fused
affinity matrix and the ground truth adjacency matrix, calcu-
lated using Binary Cross-Entropy (BCE) loss.

3.3. Overlapping community detection

As shown in Figure 2(c), we integrate clustering with overlap-
ping speaker detection and collectively refer to it as overlapping
community detection.

The algorithm consists of two main stages. First, it calcu-
lates and sorts the NI , primarily to identify key speaker labels
as propagation sources while also enhancing the algorithm’s sta-
bility. Then, we consider the order of NNI and Sim to be cru-
cial for node updates. This is particularly important for over-
lapping nodes, which may be located at community boundaries
and are more likely to possess multiple label assignments.

The convergence condition is met when the size of the label
set and the dominant labels of all nodes remain stable or when
the maximum number of iterations is reached. Upon comple-
tion of the iteration τ , nodes with multiple speaker labels are
considered overlapping nodes, and the overlapping community
structure is detected. It is worth noting that when computing
Sim , a path length threshold β is used to control computational
complexity. Both β and the maximum iteration count τ are re-
garded as hyperparameters.

4. Datasets and experimental setup
4.1. Evaluation and training data preparation

We evaluated our speaker diarization system on the DIHARD-
III corpus, which includes a 34.15-hour development (DEV) set
and a 33.01-hour evaluation (EVAL) set. The training sets for
different modules in our system are described as follows:
• VAD: We fine-tuned a suitable VAD model on the DIHARD-

III DEV set using the pre-trained models provided by pyan-
note.audio v3.1[21]. In addition, we also conducted experi-
ments using the oracle VAD for comparison.

• Embedding extractor and PLDA training: We trained the
embedding extractor and PLDA model using the VoxCeleb2

dataset, which contains over one million utterances.
• GAT: We generated a training dataset for the GAT model

using VoxCeleb1, VoxCeleb2, and LibriSpeech. Following
the methodology from [3], we simulated 6,000 mixed audio
recordings featuring 2 to 9 speakers, with durations ranging
from 20 to 600 seconds, totaling nearly 1,200 hours of data.

4.2. Experimental setup

In our diarization systems, we split the audio into 1.5s length
segments with 0.75s window shift, and extract 256-dimensional
embeddings of segments with the ResNet-34-SE model from
ASV-Subtools [22]. The model consists of two GAT layers, fol-
lowed by two fully connected layers with activation functions.
The dimensionality settings are [d-128-64-64-1], with ELU and
sigmoid as activation functions. The graph construction thresh-
old µ is set to 0.3, and the balance coefficient ε is set to 0.5.

During the subsequent overlapping community partition-
ing, we set the maximum number of iterations τ to 80 and the
path length β to 2. To mitigate the impact of algorithm insta-
bility on the results, each experimental outcome is obtained by
averaging over 10 repeated trials.

5. Experimental results
5.1. Choice of hyperparameters

We investigate the effect of the balance coefficient ε and the
path length threshold β on the OCDGALP system. As shown
in Figure 3, the lowest DER is obtained when ε = 0.5 and
β = 3. This result demonstrates the effectiveness of using a
fused affinity matrix and suggests that an optimal path length
is crucial for efficient label propagation, as excessively long or
short paths may hinder performance.

5.2. Speaker clustering results

In this section, we examine the impact of different modules
on the performance of the speaker diarization system. We de-
fine three types of systems for comparison: S1 to S3 serve
as baseline systems, each employing a different clustering
method—AHC, SC, and LPA, respectively. In contrast, S4 to
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Table 1: We evaluate the performance of different diarization systems in terms of DER (%) on the DIHARD III dataset under a 0ms
collar condition, which includes the assessment of overlapping speech. The evaluation is conducted on the full dataset, comparing
systems both with and without oracle VAD.

ID System Methods wo/ Oracle VAD w/ Oracle VAD

Dev Eval Dev Eval

S1
Baselines

ResNet+PLDA+AHC 23.5 23.0 19.94 18.9
S2 ResNet+PLDA+SC 22.76 22.94 17.89 16.81
S3 Raw-LPA 23.68 23.73 20.45 19.32

S4
GCN-based

ResNet+GCN+AHC 22.36 22.45 18.04 17.55
S5 ResNet+GCN+SC 19.89 19.94 14.03 13.12
S6 ResNet+GCN+LPA-OCD 16.25 16.29 11.79 11.83

S7
GAT-based

ResNet+GAT+AHC 21.23 21.31 17.51 17.12
S8 ResNet+GAT+SC 19.56 19.63 13.88 13.01
S9 ResNet+GAT+LPA-OCD 15.87 15.94 11.03 11.07
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Figure 3: The comparison of DER(%) with different ε and β on
the DIHARD III dataset.

S6 integrate GCN modules, while S7 to S9 incorporate GAT
modules into the baseline systems. Notably, S9 represents our
proposed OCDGALP system.

As illustrated in Table 1, the GAT-based system consis-
tently outperforms both the baseline and GCN-based systems
across all clustering methods. This highlights the superior ef-
fectiveness of the proposed GAT module. The attention mech-
anism in the GAT module, which assigns weighted importance
to relationships between different nodes, is more effective than
the uniform aggregation of node information in GCN. Notably,
although Raw-LPA performs worse than AHC and SC when
used independently, it significantly outperforms other cluster-
ing methods when integrated into the updated graph structure
with GCN and GAT. This improvement is primarily attributed
to its ability to detect overlapping structures, which enhances
the overall performance of the proposed system.

5.3. Performance comparison

As shown in Table 2, we compare our proposed OCDGALP-
based system with the latest systems in the literature on the DI-
HARD III dataset. To ensure a fair evaluation, we adhere to the
same conditions specified in the original challenge: no collar
tolerance is applied, and overlapping speech is considered.

The results clearly demonstrate that our system, when
equipped with oracle VAD, not only outperforms existing
single-clustering systems but also matched the performance

Table 2: DER(%) on the DIHARD III: A comparison with other
systems in the literature

System Method DER(%)

With Oracle VAD
SA-EEND[3] EEND 16.19
EEND-EDA[23] EEND 14.42
Hitachi /- fusion[24] Fusion/cluster 11.58 / 15.74
USTC System[25] Fusion 11.3
BUT system/- fusion[26] Fusion/cluster 14.56 / 15.65
ANSD-MA-MSE[5] TS-VAD 11.12
Seq2Seq-TSVAD[6] TS-VAD 10.77
OCDGALP(ours) Cluster 11.07

Without Oracle VAD
Pyannote.audio v3.1[21] Cluster 21.3
EEND-EDA[23] EEND 20.69
DiaPer[27] EEND 20.3
EEND-GLA[28] EEND 19.49
VBx + Reseg[29] Cluster 19.3
USTC System[25] Fusion 16.78
ANSD-MA-MSE[5] TS-VAD 16.76
EEND-M2F[30] EEND 16.07
OCDGALP(ours) Cluster 15.94

of the best system reported to date. Furthermore, in scenar-
ios without oracle VAD, our system achieves the best publicly
available performance with a DER of 15.94%, further demon-
strating the effectiveness of our OCDGALP model.

6. Conclusion

In this paper, we propose the OCDGALP model for speaker di-
arization. Our primary goal is to leverage the topological struc-
ture of speaker embeddings and fully exploit graph-based infor-
mation to achieve both clustering and overlap detection. To this
end, we incorporate a GAT model to optimize the graph struc-
ture formed by speaker embeddings. Additionally, we employ
LPA to determine the optimal partition of overlapping commu-
nities. Experimental results demonstrate that the OCDGALP-
based speaker diarization system outperforms the baseline and
several recent speaker diarization systems on the DIHARD-III
corpus when oracle VAD is used. Moreover, it achieves state-
of-the-art performance even without oracle VAD.
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