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Abstract
Overlapping community structure constitutes an important characteristic of
complex networks. This paper proposes a Locally Expanding Genetic Optimiza-
tion for Overlapping Community Detection (LEGAOCD). Drawing upon the
concept of locally expanding overlapping community detection methods, motifs
are constructed from a small number of core nodes. Simultaneously, triangular
motifs are utilized to address the community stability measurement problem,
thereby quantifying the stability of community structure. Subsequently, an im-
proved genetic optimization algorithm strategy is employed to assign them to
their appropriate communities. Finally, high-quality overlapping community
structures are obtained through two evaluation objective functions. The algo-
rithm is compared with the classic CPM algorithm and COPRA algorithm on
datasets, and experimental results demonstrate that the LEGAOCD algorithm
exhibits superior performance in detecting overlapping community structures
and overlapping nodes.
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Abstract: Overlapping community structure represents a crucial characteristic
of complex networks. This study proposes a Local Extension Genetic Algorithm
Optimization for Overlapping Community Detection (LEGAOCD). Drawing in-
spiration from local extension methods for overlapping community detection,
the algorithm constructs motifs from a small number of core nodes; simulta-
neously, it utilizes triangular motifs to assess community stability measures,
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thereby quantifying community structure stability. Through an improved ge-
netic optimization algorithm strategy, it then allocates appropriate communities
for these nodes. Finally, high-quality overlapping community structures are ob-
tained via two evaluation objective functions. Compared with classical CPM
and COPRA algorithms on benchmark datasets, experimental results demon-
strate that LEGAOCD achieves superior performance in detecting overlapping
community structures and identifying overlapping nodes.

Keywords: local extension; genetic algorithm; overlapping community detec-
tion; core node; multi-objective optimization

0 Introduction
In static network environments, overlapping community detection algorithms
can be broadly categorized into five classes: clique percolation methods, lo-
cal extension methods, line graph partitioning methods, fuzzy clustering meth-
ods, and agent-based methods [1]. Among these, classic algorithms include the
Clique Percolation Method (CPM) [3], the COPRA algorithm based on agent
methods [4], and the Speaker-Listener Label Propagation Algorithm (SLPA)
[5]. The classical clique percolation algorithm belongs to the clique filtering
approach, which can discover larger communities but shows low probability in
mining small communities, with excessive time and space overhead that prevents
its application to large-scale networks. The COPRA algorithm, based on agent
methods, randomly selects labels, leading to poor convergence performance and
unstable overlapping community division results. SLPA, also an agent-based
method, primarily sets different probability criteria and adjusts parameters for
different labels, making parameter tuning difficult for different networks in prac-
tical applications and hindering generalization.

This paper proposes a Local Extension Genetic Algorithm Optimization for
Overlapping Community Detection (LEGAOCD). Inspired by local extension
methods for overlapping community detection, the algorithm constructs mo-
tifs from a small number of core nodes. Simultaneously, it employs triangular
motifs to evaluate community stability measures, thereby quantifying commu-
nity structure stability. Through an improved genetic optimization algorithm
strategy, it allocates appropriate communities for these nodes. Finally, high-
quality overlapping community structures are obtained via two evaluation ob-
jective functions. Experimental comparisons with classical CPM and COPRA
algorithms on benchmark datasets demonstrate that LEGAOCD exhibits supe-
rior performance in detecting overlapping community structures and identifying
overlapping nodes.
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1 Basic Concepts
Definition 1 (Overlapping Network Community Structure). Network
community structure is a partition scheme 𝒫 = {𝑐1, 𝑐2, ⋯ , 𝑐𝑚} of the network
node set, where each community 𝑐𝑖 must satisfy 𝑐𝑖 ⊆ 𝑉 , 𝑐𝑖 ≠ 𝜙 for 𝑖 = 1, 2, ⋯ , 𝑚,
and ⋃𝑚

𝑖=1 𝑐𝑖 = 𝑉 . For any two communities 𝑐𝑖 and 𝑐𝑗, if 𝑐𝑖 ∩ 𝑐𝑗 ≠ 𝜙 and 𝑖 ≠ 𝑗,
then 𝒫 is called an overlapping community structure.

Definition 2 (Maximum Core Node Degree). Let the label set of core
nodes be Ω = {𝑢1, 𝑢2, ⋯ , 𝑢𝑘}. The maximum core node degree is defined as
𝑁(𝑢𝑡) = argmax𝑢∈Ω(𝑝(𝑢) ⋅ ion(𝑢)), where deg(𝑢𝑡) = 𝑘 represents the degree of
node 𝑢𝑡, and ts(𝑢𝑡) = 𝑚 represents the strength of node 𝑢𝑡.

Definition 3 (Common Neighbors of Core Nodes). The common neighbor
between core node 𝑢𝑖 and node 𝑢𝑗 is defined as 𝐶𝑖𝑗 = neighbor(𝑢𝑖)∩neighbor(𝑢𝑗),
where neighbor(𝑢𝑖) denotes the neighbor set of core node 𝑢𝑖.

Definition 4 (Motif Structure). A motif exists between individuals and
communities, composed of connections among a few nodes. It represents the
basic connection pattern among members within a community, revealing the
evolutionary 规律 of networks.

Definition 5 (Weighted Community Clustering). Weighted Community
Clustering (WCC) [8] is an objective function for measuring network topological
properties. It depends on triangular motifs (three-node motifs) within communi-
ties to determine community stability, thereby quantifying community structure
quality. The weighted community clustering is defined as:

𝑊𝐶𝐶(𝑢, 𝑁𝑃) =
⎧{
⎨{⎩

0 if 𝑁𝑃 = 𝜙
(∑𝑣∈𝑁𝑃 𝑡𝑢𝑣)+𝑡𝑢𝑣

𝑁𝑃(𝑁𝑃−1) if ∃𝑣 ∈ 𝑁𝑃, 𝑡𝑢𝑣 > 0
0 otherwise

where 𝑡𝑢𝑣 represents the relationship coefficient between nodes 𝑢 and 𝑣; 𝑡𝑢𝑣 > 0
indicates a positive correlation, while 𝑡𝑢𝑣 < 0 indicates a negative correlation.
In an unweighted network 𝐺 = (𝑉 , 𝐸), if nodes 𝑖 and 𝑗 are connected by an
edge, then 𝑒𝑖𝑗 = 1; otherwise, 𝑒𝑖𝑗 = 0. Therefore, the degree of node 𝑖 is
𝑘𝑖 = ∑𝑗∈𝑉 𝑒𝑖𝑗, representing the number of edges connected to node 𝑖. The node
weight 𝑠𝑖 is defined as the sum of weights of edges associated with it, also called
node strength.

The relationship between community node strength and WCC is:

𝐹(𝑢, 𝑐) =
𝑠𝑖𝑛+

𝑐𝑢
+ 𝑠𝑖𝑛−

𝑐𝑢

𝑠𝑖𝑛+𝑐𝑢
+ 𝑠𝑖𝑛−𝑐𝑢

+ 𝑠𝑜𝑢𝑡+𝑐𝑢
+ 𝑠𝑜𝑢𝑡−𝑐𝑢

where 𝑠𝑖𝑛+
𝑐𝑢

denotes the positive internal node strength within community 𝑐; 𝑠𝑖𝑛−
𝑐𝑢

denotes the negative internal node strength within community 𝑐; 𝑠𝑜𝑢𝑡+
𝑐𝑢

denotes
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the positive external node strength within community 𝑐; and 𝑠𝑜𝑢𝑡−
𝑐𝑢

denotes the
negative external node strength within community 𝑐.

Definition 6 (Node-Community Closeness). Based on literature [9], the
closeness between a node and a community is defined as:

𝑂𝐷(𝑢, 𝑐) =
𝑎𝑖𝑛+

𝑐𝑢
+ 𝑎𝑖𝑛−

𝑐𝑢

𝑎𝑖𝑛+𝑐𝑢
+ 𝑎𝑖𝑛−𝑐𝑢

+ 𝑎𝑜𝑢𝑡+𝑐𝑢
+ 𝑎𝑜𝑢𝑡−𝑐𝑢

where 𝑎𝑖𝑛+
𝑐𝑢

represents the number of nodes in community 𝑐 that form triangular
motifs with node 𝑢 and node set 𝑐; 𝑎𝑖𝑛−

𝑐𝑢
represents the number of nodes in node

set 𝑐 that form at least one triangular motif with node 𝑢; and |𝑐| represents the
number of nodes in set 𝑐 excluding node 𝑢.

The closeness between overlapping nodes and communities is defined as:

𝐹(𝑢, 𝑐) = 1
|𝑐|

|𝑐|
∑
𝑖=1

𝑂𝐷(𝑢, 𝑐𝑖) for 𝑢 ∈ 𝑐

Definition 7 (Modularity). Modularity quantitatively evaluates the overall
quality of overlapping community partitions. Based on positive and negative
correlation edge weights, an appropriate modularity measure is adopted. Ac-
cording to literature [9], the improved definition is:

𝑄 = ∑
𝑐∈𝒫

[ 𝑠+
𝑐

𝑠+𝑐 + 𝑠−𝑐
− ( 2𝑠+

𝑐 + 𝑠𝑜𝑢𝑡+
𝑐

2𝑠+𝑐 + 2𝑠−𝑐 + 𝑠𝑜𝑢𝑡+𝑐 + 𝑠𝑜𝑢𝑡−𝑐
)

2
]

where 𝑠+
𝑖 and 𝑠−

𝑖 represent the sum of all positive and negative correlation
weights for node 𝑖, respectively; specifically, 𝑤𝑖𝑗 represents the adjacency matrix
of network correlation weights. If node 𝑖 belongs to community 𝑐, then 𝛿𝑖𝑐 = 1;
otherwise, 𝛿𝑖𝑐 = 0.

2 Local Extension Genetic Algorithm Optimization for
Overlapping Community Detection
This paper addresses the overlapping community detection problem in networks
using a genetic optimization algorithm framework, aiming to discover high-
quality overlapping community structures. The proposed algorithm flow is as
follows:

Algorithm 1: LEGAOCD Algorithm

Input: Network topology structure 𝐺 = (𝑉 , 𝐸, 𝑊)
Output: Overlapping community partition set 𝒫 = {𝑐1, 𝑐2, ⋯ , 𝑐𝑚}

chinarxiv.org/items/chinaxiv-201805.00374 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00374


1. Encode core nodes of the network;

2. Construct adjacency matrix 𝐴 and node strength correlation matrix 𝑊
for core nodes;

3. Initialize population;

4. while termination condition is not met do

5. for each core node 𝑢 ∈ 𝑉 do

6. Initialize $NP_0=\{u\}$;

7. **while** $WCC(u,NP_t)\neq 0$ and $n_k\leq |V|$ **do**

8. $t\leftarrow t+1$;

9. **if** $WCC(u,NP_t\cup\{v\})\geq WCC(u,NP_t)$ **then**

10. $NP_{t+1}\leftarrow NP_t\cup\{v\}$;

11. **end if**

12. end while

13. Calculate fitness function 𝐹(𝑢, 𝑐); Selection operator;

14. Evolutionary operations, including uniform crossover and mutation;

15. Offspring population, merge populations, elite selection, return to step 3;

16. end for

17. end while

18. foreach overlapping node do

19. if 𝑊𝐶𝐶(𝑢, 𝑁𝑃𝑡 ∪ {𝑣}) ≥ 𝑊𝐶𝐶(𝑢, 𝑁𝑃𝑡) then

20. 𝑁𝑃𝑡+1 ← 𝑁𝑃𝑡 ∪ {𝑣};

21. else

22. Merge community structures, similar to algorithm step 9;

23. end if

24. end foreach

25. Obtain high-quality overlapping community structure;

26. end

2.1 Individual Encoding and Decoding

During initialization, all network nodes, communities, and the mapping between
nodes and populations, individuals, and genes are established. Drawing inspi-
ration from label propagation algorithms, which can generate individuals with
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certain community structures, nodes with greater node strength exert greater
stability and influence on their affiliated communities. Individuals are generated
randomly, with multiple individuals forming a population. This paper adopts
a string encoding scheme, where non-overlapping core nodes belong to only one
community identifier, while overlapping core nodes possess multiple identifiers.
[Figure 1: see original paper] illustrates a network partition and its correspond-
ing encoding. As shown in the figure, the network may contain two individuals
(1, 1, 12, 2, 2, 2) and (2, 2, 3, 3, 3, 3). The first individual contains two overlap-
ping communities {1, 2, 3} and {3, 4, 5, 6}; the second individual contains two
non-overlapping communities {1, 2} and {3, 4, 5, 6}.

If these two individuals undergo crossover operation, the result might be
(1, 1, 12, 2, 2, 2) and (1, 1, 12, 2, 2, 2), which are then crossed with other individu-
als to retain community structures with stronger stability. During the decoding
process, for any individual, if its initial community label is (1, 1, 1, 1, 1, 1), the
entire community structure would be destroyed. The decoding process assigns
node label values representing community membership numbers. If at this time
𝑁𝑃(2) = 2 is the current maximum community label value, the process ends
only when 𝑁𝑃(1) = 𝑁𝑃(2). Throughout the decoding process, individuals
(1, 1, 12, 2, 2, 2) and (2, 2, 3, 3, 3, 3) are decoded, and nodes with the same label
value are merged into the same community structure.

2.2 Selection

The purpose of selection is to choose excellent individuals from the current pop-
ulation, giving them opportunities to serve as parents for producing offspring in
the next generation. Genetic algorithms embody this idea through the selection
process, where the principle is that individuals with stronger adaptability have
higher probabilities of contributing one or more offspring to the next generation.
Selection reflects Darwin’s principle of survival of the fittest. This paper adopts
roulette wheel selection [11], using the calculation formula from Definition 6 as
the fitness function to obtain high-quality overlapping community structures.

2.3 Genetic Evolution Operation Update Strategy

Genetic evolution operations include crossover and mutation. Crossover pro-
duces new offspring by exchanging partial genes between parent chromosomes,
with new individuals combining characteristics from their parent individuals.
Crossover embodies the idea of information exchange. This paper employs a
uniform crossover operator with two-dimensional crossover [12], pairing parent
chromosomes pairwise to randomly generate a uniform block crossover opera-
tor. The crossover operator exchanges gene portions within rectangular blocks
between two parent chromosomes according to a preset crossover probability.
Both motifs, individuals, and communities can be represented by rectangular
blocks. For example, after crossing two rectangular blocks (1, 1, 12, 2, 2, 2) and
(2, 2, 3, 3, 3, 3) and decoding, the result is (1, 1, 12, 2, 2, 2) and (1, 1, 12, 2, 2, 2),
thereby changing node label values. The size and position of rectangular blocks
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are randomly generated. Using uniform block crossover ensures that each gene
in offspring chromosomes corresponds to existing adjacent edges, allowing the
algorithm to continue network structure partitioning toward the direction of
rectangular block (motif) stability. Mutation randomly selects an individual
from the population and, with a certain probability, randomly changes the la-
bel value of a node within a community. The mutation operator changes the
label value of a node’s community at a preset probability, with mutation oc-
curring at a very low probability.

Algorithm Time Complexity Analysis: Let 𝑛 be the number of network
nodes, 𝑘 be the number of core nodes in the network, and 𝑚 be the number of
overlapping community structures. The LEGAOCD algorithm’s first two lines
take 𝑂(𝑚 + 𝑘) time. Lines 3-16 belong to the genetic process, with algorithm
decoding time of 𝑂(𝑘), and selection, crossover, and mutation operations taking
𝑂(𝑝) time. Lines 17-26 take 𝑂(𝑛) time. In the genetic algorithm, population
size is 𝑝 and iteration count is 𝑔. Therefore, the time complexity of LEGAOCD
is 𝑂(𝑔 ⋅ 𝑝 ⋅ (𝑚 + 𝑘 + 𝑛 + 𝑝)) = 𝑂(𝑔 ⋅ 𝑝 ⋅ (𝑚 + 𝑘 + 𝑛)).

3 Experimental Results and Analysis
LEGAOCD, CPM, and COPRA algorithms were all implemented in Matlab
(R2010b). The experimental environment was: Windows 7 operating system,
AMD A-8 2.10GHz, 500GB memory. According to genetic algorithm parameter
settings, the Normalized Mutual Information (NMI) value does not show signif-
icant variation with changes in crossover probability and mutation probability.
Generally, high crossover probability and low mutation probability are adopted
[13]. Therefore, to facilitate performance testing, experimental parameters were
set the same as in a novel genetic algorithm for overlapping community detec-
tion [14]: control parameter 𝑎 = 0.97, crossover probability 𝑐𝑝 = 0.8, mutation
probability 𝑚𝑝 = 0.2, population size 𝑝 = 200, iteration count 𝑔 = 100. Results
for LEGAOCD, CPM, and COPRA algorithms were averaged over 50 runs.

3.1 Evaluation Criteria

F-score is calculated from precision and recall to measure the accuracy of over-
lapping nodes detected by an algorithm [7]. The formula is derived as follows:

𝑃 = |𝐿result ∩ 𝐿true|
|𝐿result|

, 𝑅 = |𝐿result ∩ 𝐿true|
|𝐿true| , 𝐹 = 2𝑃𝑅

𝑃 + 𝑅

where 𝐿result represents communities obtained by the algorithm and 𝐿true rep-
resents real communities; 𝑃 is precision, the ratio of correctly detected overlap-
ping nodes to all detected overlapping nodes; 𝑅 is recall, the ratio of correctly
detected overlapping nodes to the actual number of overlapping nodes in the
network.
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Extended Normalized Mutual Information (NMI) describes the correla-
tion between partition results and true structures [15], with a value range of
[0,1]. Values closer to 1 indicate better partition results. The mathematical
description is:

𝑁𝑀𝐼 = 1
2 [𝐻(𝑌 ) − 𝐻(𝑌 |𝑋)

𝐻(𝑌 ) + 𝐻(𝑋) − 𝐻(𝑋|𝑌 )
𝐻(𝑋) ]

where 𝐻(𝑋|𝑌 ) represents the normalized conditional entropy of partition 𝑋
given partition 𝑌 .

3.2 Algorithm Comparison and Evaluation

Synthetic datasets primarily consist of LFR benchmark graphs [16]. Different
parameters generate different LFR benchmark graphs, creating various types of
complex networks. 𝑁 represents the number of network nodes, ⟨𝑘⟩ is the average
node degree, 𝑘max is the maximum degree, 𝜇 is an adjustable mixing parameter,
𝑂𝑛 and 𝑂𝑚 represent the number of overlapping nodes and the number of
communities each overlapping node belongs to, respectively, 𝜏1 is the power-
law distribution exponent for node degrees, 𝜏2 is the power-law distribution
exponent for community sizes, and 𝑐min and 𝑐max represent the minimum and
maximum community sizes in the network. When LFR benchmark network
parameters are set as 𝑁 = 5000, ⟨𝑘⟩ = 2, 𝑘max = 1, 𝑐min = 10, 𝑐max = 50,
mixing parameter 𝜇 = 0.3 (representing the connection rate between a node
and other nodes within the same community), community size range (20, 100),
overlapping node count 𝑂𝑛 set to 10% of all network nodes, and repeated node
community membership count 𝑂𝑚 set to {2, 3, 4, 5, 6}. Larger 𝜇 values indicate
greater difficulty in partitioning overlapping communities. Basic information
for real-world datasets is shown in .

The NMI values of three algorithms on synthetic datasets are affected by mix-
ing parameter 𝜇 and overlapping node community membership count 𝑂𝑚. As
these increase, partitioning overlapping communities becomes more difficult. As
shown in [Figure 2: see original paper], when 𝜇 = 0.3 and 𝑂𝑚 varies from 2 to
6, the performance of all three algorithms decreases. However, compared with
the other two algorithms, LEGAOCD still achieves higher NMI values, indicat-
ing that the proposed algorithm performs well in partitioning synthetic dataset
networks.

The ability to detect overlapping community structures does not necessarily
align with the ability to detect overlapping nodes [18]. F-score comparison
results are shown in [Figure 3: see original paper]. LEGAOCD exhibits high
recall and low precision because its post-processing mechanism may detect more
overlapping nodes than actually present. Therefore, the algorithm shows average
performance in detecting overlapping nodes. Larger 𝑂𝑚 values indicate better
ability of LEGAOCD to detect overlapping nodes.
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All three algorithms achieve SQ values above 0.5 on real-world dataset networks,
indicating clear network community structures. As shown in [Figure 4: see
original paper], LEGAOCD obtains higher SQ values than other algorithms
on real-world dataset networks (except for PGP). In the larger PGP network,
LEGAOCD achieves higher SQ values than CPM but lower than COPRA.

4 Conclusion
This paper proposes the LEGAOCD algorithm for overlapping community de-
tection, with main contributions in three aspects: (1) an extended genetic algo-
rithm to solve overlapping community detection problems; (2) a defined motif
stability measure to quantify community stability; and (3) a node-community
closeness formula serving as the fitness function for the genetic algorithm. For
large-scale networks, LEGAOCD and CPM algorithms suffer from excessive
time and space overhead. How to mine clear community structures in large
networks will be the direction of future research.
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