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ABSTRACT

As the scale of networks continues to expand, their structures become increasingly complex, and
the diversity of node information within these networks intensifies. Traditional community detection
methods are no longer capable of meeting the growing demands. Thus, the design of a powerful
community detection method with low complexity and cost is an urgent issue to be addressed. This
paper proposes a community detection method based on Graph Neural Networks (GNN) and an
improved K-means algorithm. Initially, the original adjacency matrix is reconstructed based on the
importance of nodes, resulting in a new node similarity matrix. Subsequently, a graph autoencoder
is employed to extract structural information from the network graph. The decoder part utilizes the
form of vector inner product to restore the similarity matrix using the structural information from the
hidden layer. The features extracted by the graph autoencoder are then utilized by the improved K-
means algorithm to ultimately achieve community division. Finally, this paper summarizes the
shortcomings of community detection and provides a prospect for future research directions.
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1. INTRODUCTION

With the rapid development of artificial intelligence technology, many complex systems in real-world
scenarios can be abstracted as heterogeneous networks, such as social networks, traffic networks, and
protein networks. These networks exhibit distinctive community structures. The task of community
detection is dedicated to mining the community structure within these networks, which aids in a
deeper understanding of the internal operating rules of complex systems and can be applied to tasks
such as social recommendation and link prediction, holding significant practical implications.

Graph Neural Networks (GNN) [1] can transform complex network data into low-dimensional vector
representations of nodes, offering unique advantages in handling high-dimensional network data. The
embeddings learned can be used to characterize the structural information of the network [2]. For
instance, the Graph Convolutional Network (GCN) extends the advantages of the Convolutional
Neural Network (CNN), enabling direct convolution operations on structured network data [3].
Researchers have also used it to design community detection algorithms. In recent years, an
increasing number of community detection algorithms based on graph neural networks have been
developed for detecting communities in environments with complex network data structures. These
have important research value in the analysis and mining of social networks, disease transmission,
and other research fields [4]. Traditional community detection methods are no longer applicable for
community detection in large networks, necessitating more effective methods for community mining.
As an emerging technology, Graph Neural Networks are an extension and improvement of traditional
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deep learning methods on graph-structured data, enabling these methods to be used on graph-
structured data and filling the gap in this area.

The K-means community detection algorithm is a technique improved from the classic K-means
clustering method, used to identify the community structure in networks [5]. This algorithm optimizes
the similarity between nodes, dividing the network into multiple communities so that nodes within
the same community have a higher connection density than nodes between different communities. In
the implementation process, K nodes are first randomly selected as the initial community centers.
Then, nodes are assigned to the most similar community based on their similarity to these centers
(such as connection strength or the number of shared neighbors). Afterwards, each community center
is updated, usually based on the average connection pattern or centrality indicators of the nodes within
the community, and this process is repeated until convergence. The main advantages of the K-means
community detection algorithm lie in its intuitiveness and computational efficiency. It is suitable for
handling large-scale networks, can quickly converge to a stable community division, and performs
well especially in networks where the community size is relatively uniform and the structure is clear.
In addition, its parameter adjustment is relatively simple, mainly the choice of the number of
communities K, making the algorithm easy to implement and debug.

Therefore, this paper proposes a community detection method based on GNN and an improved K-
means algorithm. In summary, the main contributions of this paper are as follows:

(1) Matrix reconstruction based on node similarity. According to the importance of nodes, the original
adjacency matrix is reconstructed to obtain a new node similarity matrix. The reconstructed matrix
allows more nodes in the graph to be aggregated in advance, reducing the time for subsequent network
processing.

(2) Graph autoencoder module. A graph autoencoder is used to learn structural information, and a
two-layer graph attention network is used in the encoder part to encode the structural information of
the graph and learn the low-dimensional embedding of structural information.

(3) Community detection based on the improved K-means algorithm. After the feature extraction of
the graph autoencoder, the structural information in the original graph structure is effectively reduced,
and then its feature matrix is used as the input of the clustering module for community division. In
this module, an improved K-means algorithm is used to achieve community division.

The rest of this paper is structured as follows: Section 2 introduces the current state of research on
community detection; Section 3 provides a detailed description of the proposed community detection
algorithm based on graph neural networks; Finally, Section 4 summarizes the paper and looks forward
to the future research direction of community detection.

2. RELATED WORK

The issue of community detection has received widespread attention from scholars both domestically
and internationally, and various classic algorithms have been proposed. Currently, the methods for
community detection mainly include traditional community detection methods and those based on
deep learning.

Traditional community detection methods mainly include spectral clustering, matrix factorization,
graph partitioning, density-based algorithms, statistical inference, hierarchical clustering, etc. [6].
Siemon et al. [7] used spectral analysis based on normalized Laplacian operators to discover
communities in brain networks, describing the network structure at the system level rather than at
individual nodes or edges. Yang et al. [8] viewed community detection as a non-negative matrix
factorization task to learn the latent factors associated with node communities. On this basis, Yang et
al. [9] extended the above model by extracting information about the relationship between network
structure and node attributes. Zarandi et al. [10] used a hybrid approach to apply splitting and
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aggregation strategies for community detection based on the CDASS algorithm, which is based on
structural similarity. Wang et al. [11] performed community detection by locating structural centers
and identifying communities, centers, and outliers by measuring the density of entities. Sun et al. [12]
transformed the generation process of the graph and the community detection task into an inference
problem for community detection.

Deep learning technology has a significant advantage in handling high-dimensional network data,
thus gradually becoming one of the mainstream methods for community detection tasks. Among them,
methods based on Graph Convolutional Networks (GCN) and Graph Autoencoders (GAE) are
currently hot research topics [13].

GCN is a convolutional network that operates on network data, capable of integrating network
topology structure information and node attribute information to learn effective node embedding
representations. In 2019, Jin et al. [14] proposed JGE-CD, which uses GCN as an encoder to generate
community-oriented embedding representations for community division of attribute networks. In the
same year, Jin et al. [15] proposed MRFasGCN, which combines GCN with Markov Random Fields
(MRF) [16] to solve the semi-supervised community detection problem in attribute networks. This
method uses MRF as the last layer of the GCN model to refine the rough community division results
obtained previously. GUCD proposed by He et al. [17] uses MRFasGCN as an encoder to separately
reconstruct network structure information and attribute information, and further seeks potential
communities through local enhancement. GAE and its variant methods are widely used in
unsupervised graph representation learning tasks, and in recent years, many unsupervised community
detection algorithms based on GAE have been proposed [18]. In 2017, Wang et al. [19] proposed
MGAE, which designs a marginalized graph autoencoder that uses the structure and attribute
information of the graph to learn effective representations suitable for community detection tasks. In
2019, Wang et al. [20] proposed a self-encoding framework DAEGC aimed at graph clustering. This
framework jointly optimizes graph representation learning and graph clustering to achieve better
graph clustering performance.

Therefore, we propose a community detection method based on GNN and improved K-means. This
method mainly consists of three steps: First, according to the importance of nodes, the original
adjacency matrix is reconstructed to obtain a new node similarity matrix. The reconstructed matrix
allows more nodes in the graph to be aggregated in advance, which is beneficial to reduce the time
for subsequent network processing. Second, a graph autoencoder is used to extract the structural
information in the network graph, and the network information propagation model is trained in an
encoding and decoding manner. The decoder part uses the form of vector inner product to restore the
similarity matrix through the structural information of the hidden layer. Third, the features extracted
by the graph autoencoder are used to finally achieve community division using the improved K-means
algorithm.

3. ALGORITHM DESCRIPTION

3.1. Matrix Reconstruction Based on Node Similarity

This section reconstructs the original adjacency matrix based on the importance of nodes, resulting
in a new node similarity matrix. The reconstructed matrix allows more nodes in the graph to be
aggregated in advance, reducing the time for subsequent network processing. The matrix
reconstruction method mainly consists of two parts: the first is the selection of the “core node”, that
is, the first node obtained through the node importance method is used as the first node of the
reconstructed matrix. The second is the selection of “neighbor nodes”. The node closest to the core
node is calculated through the Euclidean distance as the second node of the reconstructed matrix, and
the order of the remaining all nodes is derived in this way.
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This paper uses the LeaderRank algorithm to sort nodes. LeaderRank is based on the label
propagation algorithm, avoiding the disadvantages of traditional label propagation algorithms, such
as low stability and accuracy, non-unique node sorting, etc., and it also has a certain tolerance for
noise data. Its idea is to update the label information of nodes through the labels of neighbor nodes.
A common node g is added to the network, which is connected to all other nodes in the network. At
this time, the network becomes a strongly connected network with N 4+1 nodes. The algorithm first

assigns 1 unit of LR value (i.e., LeaderRank value) to all nodes in the network except node g. Each
node gives the average LR value to its neighbor nodes, and then updates the LR value of all nodes
according to formula (1).

5 (t+1)= %}%sj (t) (1)

]

Among them, @&; isthe element in the adjacency matrix. If i and ] are connected by edges, it is 1;

otherwise, it is 0. K; is the degree of node | in the degree matrix, and the node information is
updated each time by combining the LR value of neighboring node ] and the probability of node i
randomly walking tonode j. t represents the number of iterations. At the initial state, s;(0)=1 for
all nodes, while s,(0) =0, and iterate continuously according to equation (2) until convergence.

S’i:Si(tc)"'sg(tc)'l\rl (2)

The LeaderRank algorithm can be used to obtain the node number with the highest LR value in the
node set. It is labeled as a "core node™ and expressed as S, using the formula. It will be the first node
in the reconstructed similarity matrix. Next, use equation (3) to determine the node closest to it as the
successor node, denoted as S, .

M=

(x -y 3)

1

d(xy)=

Where, N represents the number of feature vectors in the node, and the successor node with the
smallest distance from the "core node" is obtained by calculating the difference in feature vectors of
the corresponding dimension between node X and node Y. According to the LeaderRank algorithm
and the Euclidean distance calculation formula, the reconstruction order of all nodes can be obtained.
The "core node" is the first node, and its nearest neighbor node is the second node. The subsequent

nodes obtained in sequence are represented as S;, ..., S,. Therefore, the node order of the
reconstructed similarity matrix S is S={s;,s,,---,S,}, and the expression of the similarity matrix s

is shown in equation (4). The reconstructed similarity matrix can better feedback the importance of
nodes and highlight the connectivity between nodes.

s_| : S le cE
= : . LS =
3.2. Graph Autoencoder Module

This section uses a graph autoencoder to learn the structural information of the network graph, and
uses a two-layer graph attention network in the encoder part to encode the structural information of
the graph, learning the low-dimensional embedding of structural information. The Graph Attention
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Network (GAT) uses an attention mechanism to aggregate the neighbors of nodes, adaptively
assigning different weights to different neighbors, learning the hidden representation of nodes, and
has strong expressive power [21].

For node V;, this section uses V; € N(Vi) to represent its neighbor nodes, and uses a single-layer

fully connected layer to calculate the weight coefficient from V; to v;, that is, the relevance of the
two nodes. The calculation method is shown in formula (5).

h; = LeakyReLU (aT [WXi IIWXJ-]) (5)

Among them, X, eR%™® and X,;eR*™® represent the feature vectors of length d(l-1)

corresponding to nodes Vv; and V; in the (I-1)-th layer, respectively, and the weight parameter

W e RYM40-D s ysed for the feature transformation of nodes. The weight parameter a e R,
LeakyReLU is the activation function.

In order to better allocate weights, this section will normalize the calculated correlation of all
neighbors using formula (6) to softmax normalization.

exp( h;
a; =softmax (h; ) = #p()hik) (6)

veeN (1)

Among them, « is the weight coefficient, and formula (6) ensures that the sum of weight
coefficients for all neighbors of the node is 1.

After calculating the weight coefficients, a weighted sum is performed based on the attention
mechanism to obtain the feature vector of node V; inthe I-th layer. The calculation method is shown
in equation (7).

Xi=6( X WX )

! vieN(v;)

This section uses a two-layer graph attention network to generate node embeddings, taking X; as
input, and the resulting node embedding calculation is shown in equation (8).

Zi=o( > aW'(e X aW°X)) (8)

vieN(v) vjeN(vi)

Where, W, represents the weight parameter of the first layer feature transformation, and W,
represents the weight parameter of the second layer feature transformation.

3.3. Community Detection Based on Improved K-means Algorithm

After the feature extraction of the graph autoencoder, the structural information in the original graph
structure is effectively reduced, and then its feature matrix is used as the input of the clustering module
for community division. In this module, considering that the K-means algorithm can ensure good
scalability and high processing efficiency when dealing with large-scale data, and the results are
intuitive, this paper improves the K-means algorithm for node clustering and makes adaptive
improvements to the selection of initial clustering centers.
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First, this section uses the fused representation of nodes to solve the influence of nodes. Then, the
obtained node influence is sorted in descending order, and the k nodes with the highest influence are
selected as the initial clustering centers of the K-means algorithm. Then, the K-means algorithm is
iteratively used until a stable community division appears. Before calculating the influence of nodes,
it is necessary to consider the distance calculation of nodes. Combining the standard Euclidean
distance can balance the characteristics of independence and correlation between multiple dimensions.

This section uses the standardized Euclidean distance to calculate the distance between nodes v, and

V;, uses the optimized fusion representation of nodes as input, and the calculation of node influence
is shown in formula (9).

(9)

Here, R, represents the influence of node V; in social networks.

4. CONCLUSION AND FUTURE WORK

This paper researches and proposes a community detection method based on Graph Neural Networks
(GNN) and an improved K-means algorithm. Firstly, the matrix is reconstructed based on the
importance of nodes. Then, a graph autoencoder is used to extract the structural information of the
network graph, and the decoder part uses the form of vector inner product to restore the similarity
matrix. Next, the features extracted by the graph autoencoder are input into the improved K-means
algorithm based on the influence of user nodes to finally achieve community division. By
summarizing the work of this paper, the following future research directions are proposed:

The network information extraction methods proposed in this paper are all applied to static networks.
However, networks evolve over time, and static information extraction cannot represent the complete
information of the network after evolution [22]. Therefore, in future research, the focus can be placed
on how to dynamically generate and obtain network structure information. In addition, this paper uses
graph neural networks for community detection, but it has not made significant improvements in time
complexity. Now that graph neural networks have achieved a great expansion and have solved some
problems in terms of time, in the future, methods with lower time complexity can be used for
improvement to achieve community detection. The efficiency issue is also a major aspect of the
algorithm, so dedication to solving efficiency will greatly promote the development and research in
this field.
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