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Abstract
To address the problem of improving accuracy in overlapping community detec-
tion, a novel overlapping community detection algorithm based on an improved
ant colony algorithm is proposed. The algorithm comprises three stages: posi-
tion initialization, movement, and post-processing. Through approaches includ-
ing initial position identification and label list storage, heuristic information
redefinition based on inter-node similarity, and cooperative label list preser-
vation, the algorithm achieves enhanced performance in detecting overlapping
communities and nodes in both synthetic and real-world datasets. Experimen-
tal results demonstrate that on synthetic and real-world network platforms us-
ing various detection algorithms, the proposed method attains higher detection
accuracy for overlapping communities and overlapping nodes compared to tra-
ditional detection methods, thus providing valuable reference and guidance for
solving overlapping community detection problems and understanding network
functional structures.
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Abstract: This paper proposes a novel overlapping community detection algo-
rithm based on an improved ant colony algorithm to enhance detection accu-
racy. The algorithm comprises three stages: position initialization, movement,
and post-processing. Through initial position identification and label list stor-
age, heuristic information redefinition based on inter-node similarity, and coop-
erative label list preservation, the algorithm achieves superior performance in
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detecting overlapping communities and nodes in both synthetic and real-world
datasets. Experimental results demonstrate that when compared with different
detection algorithms on synthetic and real-world network platforms, the pro-
posed method exhibits higher detection accuracy for overlapping communities
and nodes compared to traditional approaches, providing valuable insights for
solving overlapping community detection problems and understanding network
functional structures.

Keywords: overlapping community and node detection; improved ant colony
algorithm; heuristic information redefinition; tag list iteratively update

0 Introduction
A community is defined as a group of vertices in a network structure that share
common attributes [?]. Similar to individuals playing different roles in social
networks, in standardized network partitioning, each vertex is assigned to a com-
munity [?] and may be shared among multiple communities. Moreover, since
different nodes play distinct roles in network structure and function, detecting
overlapping communities enables deeper understanding of network functionality
and architecture. Consequently, overlapping community detection has attracted
significant academic attention in recent years, with numerous algorithms demon-
strating strong analytical performance and finding applications in delay-tolerant
networks [?, ?], recommendation systems [?], and other domains.

Current community detection algorithms can be broadly categorized into five
types [?]: clique percolation method (CPM), local expansion and optimization
algorithms, link partitioning algorithms, fuzzy detection algorithms, and agent-
based algorithms. Reference [?] introduced an indexed local adjacency repre-
sentation into individual representation for community detection, transforming
community structure analysis into an integer optimization problem and propos-
ing a differential evolution-based community detection algorithm. Reference
[?] proposed a self-organizing overlapping community structure analysis algo-
rithm based on swarm intelligence principles, though its detection performance
is significantly influenced by convergence precision among agents. Reference
[?] developed a social network community detection method based on interac-
tive behavior and connection analysis through effective fusion of two different
types of heterogeneous information, yet its performance heavily depends on
data attributes. Reference [?] presented a locally prioritized dynamic network
overlapping community evolution analysis method, though its global optimality
remains to be validated. Reference [?] introduced a spectral bisection com-
munity detection method using optimal eigenvectors. While these overlapping
community detection algorithms can effectively address community analysis to
some extent, they all neglect the impact of node label changes during iterative
processes on detection performance.

Drawing inspiration from pheromone updating and path selection strategies in
ant colony algorithms, this paper proposes an overlapping community detec-
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tion algorithm based on an improved ant colony algorithm (AntCBO). Building
upon an ant colony algorithm-based overlapping community detection frame-
work, the algorithm achieves overlapping community detection through two key
components: heuristic information redefinition based on inter-node similarity
and ant path selection based on label list updating and storage. Performance
analysis is conducted on both synthetic and real-world datasets.

1 AntCBO Overlapping Community Detection Algorithm
Architecture
A network can be abstractly modeled as an undirected graph 𝐺 = (𝑉 , 𝐸), where
𝑉 and 𝐸 represent the sets of nodes and edges, respectively. Each node 𝑣 pos-
sesses a unique label (identification, ID) 𝑙𝑣, and 𝑁(𝑣) denotes the neighborhood
of node 𝑣. The objective of overlapping community detection is to find a method
to partition the abstracted undirected graph 𝐺 into a series of small clusters
(𝐶1, 𝐶2, … , 𝐶𝑚) such that nodes within each cluster share common characteris-
tics.
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1.1 Algorithm Framework

The proposed AntCBO algorithm framework consists of four modules: parame-
ter initialization, ant position initialization, movement path decision, and post-
processing. The basic workflow is as follows: (a) initialize parameters, treat
each node as an ant individual, and calculate the transition probability matrix
based on pheromones and the proposed heuristic information; (b) initialize ant
positions and determine corresponding ID lists; (c) all ants move based on the
transition probability model, during which each ant transfers node labels from
one node to another and updates pheromones; (d) when termination conditions
are met, save the current label list of each ant individual to obtain label se-
quences for each node; (e) employ a post-processing mechanism to partition the
network into overlapping communities.

Algorithm 1: AntCBO Algorithm Framework
Input: Complex network 𝐺 = (𝑉 , 𝐸).
Output: A set of overlapping communities 𝐶.

The algorithm proceeds through parameter initialization, ant position initial-
ization, ant movement, and post-processing stages. During parameter initial-
ization, the maximum iteration count 𝑇 , number of ants 𝑛, initial pheromone
value 𝜏 , pheromone evaporation rate 𝜌, threshold 𝜃, pheromone increment 𝑥,
and pheromone threshold 𝑏 are set. The transition probability matrix is cal-
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culated according to Equations (1)-(3). In the ant movement stage, for each
iteration 𝑡 from 1 to 𝑇 and each ant 𝑖 from 1 to 𝑛, ant 𝑖 moves according to the
transition probability matrix while pheromone diffusion and updating occur.

1.2 Improvements to the AntCBO Algorithm

For AntCBO, the relative magnitude of 𝜏𝑖𝑗(𝑡) (where 𝑖, 𝑗 = 1, 2, … , 𝑛 and 𝑖 ≠ 𝑗)
directly affects the transition probability between ant positions, thereby influenc-
ing solution quality. During the search process, initially dispersed pheromones
gradually concentrate on certain edges, continuously reinforcing the search di-
rection. When certain edges exhibit significantly higher pheromone intensity
than others, the selected edges during solution construction become too similar,
causing the algorithm to fall into local optima. The fundamental approach to
avoiding local optima is to increase solution diversity by preventing excessive
concentration of pheromones on edges, enabling more edges to participate in fea-
sible solution construction with higher probabilities. This means fully utilizing
the positive feedback mechanism of ant colony algorithms to accelerate search
while maximizing the search region for feasible solutions using more edges to
form new solutions.

Following this principle, this paper proposes directly exchanging pheromones
on partial edges to alter the distribution of 𝜏𝑖𝑗(𝑡) across different edges, thereby
avoiding local optima in later algorithm stages. Specifically, each node is
assigned an exchange probability 𝑝𝑖 (𝑖 = 1, 2, … , 𝑛), and a random number
𝑟𝑖 ∼ 𝑈(0, 1) is generated. If 𝑟𝑖 ≤ 𝑝𝑖, a certain number of edges among the
𝑛 − 1 edges that node 𝑖 can form with other nodes are randomly selected, and
their corresponding pheromone values are swapped pairwise. If 𝑟𝑖 > 𝑝𝑖, no such
operation is performed.

Furthermore, the pheromone evaporation rate also affects pheromone distribu-
tion. In traditional ant colony algorithms, the pheromone evaporation rate 𝜌
is often set as a constant with identical values for all edges. This approach
leads to excessive probability for some edges to be used in constructing feasible
solutions, hindering other edges from participating in new solution construc-
tion. Therefore, this paper employs a variable parameter evaporation rate to
prevent certain edges on optimal paths from losing selection opportunities due
to excessively low pheromone intensity. The calculation formula is as follows:

𝜌𝑖𝑗(𝑡) = {𝑘1 if 𝑡 ≤ 𝑡𝑒𝑎𝑟𝑙𝑦
𝑘2 ⋅ 𝐶

𝜏𝑖𝑗(𝑡) otherwise

where 𝜌𝑖𝑗(𝑡) represents the pheromone evaporation rate on edge 𝑖𝑗 at time
𝑡; 𝑡𝑒𝑎𝑟𝑙𝑦 is the early search time; 𝑘1, 𝑘2 ∈ (0, 1) and 𝑘1 > 𝑘2. Additionally,
the values of 𝑘1 and 𝑘2 should not differ excessively, otherwise the exchanged
pheromones would evaporate too quickly or too slowly, affecting the aforemen-
tioned edge exchange effectiveness. 𝐶 is a constant between the mean and
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maximum values of 𝜏𝑖𝑗(𝑡).
Since the algorithm core involves designing reasonable heuristic information and
pheromone updating strategies to calculate the transition probability matrix for
ant movement path decisions, we first adopt similarity measures between any
nodes 𝑖 and 𝑗 to update heuristic information, as shown in Equations (4)-(5).

Let 𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗) denote the common neighbors of nodes 𝑖 and 𝑗, 𝑁(𝑖) denote the
neighbors of node 𝑖, 𝑁(𝑗) denote the neighbors of node 𝑗, and 𝐸(𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗))
denote the number of edges connecting each common neighbor node. The heuris-
tic information update strategy consists of two components controlled by weight
coefficient 𝛾, as shown in Equation (3):

𝜂𝑖𝑗 = 𝛾 × |𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗)|
|𝑁(𝑖) ∪ 𝑁(𝑗)| + (1 − 𝛾) × 2|𝐸(𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗))|

|𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗)| × (|𝑁𝑐𝑜𝑚𝑚(𝑖, 𝑗)| − 1)

The first term measures the average number of common neighbor nodes be-
tween vertices 𝑖 and 𝑗, calculated as the number of common neighbors divided
by the union size of both vertices’neighbor sets. The second term quantifies
the connection distance among common neighbors, calculated as the number
of edges between common neighbors divided by the maximum possible edges
between them. The physical significance is that if two neighboring nodes share
many common neighbors with close connections, they have a higher probability
of belonging to the same community. The state transition probability matrix
incorporating both pheromone and heuristic information is given by Equation
(4):

𝑝𝑖𝑗 =
⎧{
⎨{⎩

𝜏𝛼
𝑖𝑗𝜂𝛽

𝑖𝑗
∑𝑗∈𝑁(𝑖) 𝜏𝛼

𝑖𝑗𝜂𝛽
𝑖𝑗

if 𝑗 ∈ 𝑁(𝑖)
0 otherwise

where 𝛼 and 𝛽 represent the intensification degrees of pheromone and heuristic
information during iteration.

2.1 Ant Position Initialization
This step initializes ant positions (i.e., nodes) and their corresponding label
lists. Network 𝐺 is first sorted in descending order by node degree [?], after
which common neighbors between nodes are computed and partitioned into
initial communities 𝑠𝑔. Label lists are generated based on node IDs within
initial communities, and ant individuals are placed in nodes belonging to initial
clusters.

Algorithm 2: Step 1 - Ant Position Initialization
Input: A complex network 𝐺(𝑉 , 𝐸).
Output: Ant positions 𝐶𝑛𝑜𝑑𝑒 and label lists 𝑙(𝑣.𝑙) stored in each node 𝑣.
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The algorithm proceeds by sorting all nodes by degree in descending order to
obtain list 𝐿. For each node 𝑣𝑖 ∈ 𝐿, if 𝑣𝑖 is available and has degree ≥ 3, it
forms the seed of an initial community 𝑠𝑔. The algorithm then iteratively adds
nodes that share common neighbors with existing members of 𝑠𝑔 until no more
such nodes can be found. Finally, 𝐶𝑛𝑜𝑑𝑒 consists of nodes in 𝐶𝑁 , while nodes
not in 𝐶𝑛𝑜𝑑𝑒 are initialized with their own IDs.

2.2 Ant Movement
Each ant transfers IDs between nodes based on transition probabilities. To in-
crease the probability of ants traversing the entire abstract graph 𝐺, the move-
ment rule is designed as follows: if a random number 𝑟 < 0.1, the ant selects
the neighbor with maximum probability as the next node to visit; otherwise,
it randomly selects a neighbor other than the one with maximum transition
probability. When multiple IDs share the same transition probability, one is
randomly chosen.

At each iteration’s end, ants move from their current node to the next node.
Additionally, each ant selects one label from the current node’s label list and
stores it in the next node’s label list. Pheromones are deposited on paths
traversed by ants between different nodes, while pheromone evaporation occurs
after each iteration. The ant movement strategy is outlined in Algorithm 3.

Algorithm 3: Step 2 - Ant Movement
While termination conditions are not met do
 For each ant do
  The ant moves from one node to the next, obtaining a label from the current
node and preserving it in the next node’s label list.
  The pheromone on this edge increases by 𝑥.
  If the pheromone value exceeds threshold 𝑏 then
   Set the pheromone value to 𝑏.
  End if
  After all ants have moved, evaporate pheromones on all edges by rate 𝜌.
 End for
 Recalculate the transition probability matrix.
End while

To prevent premature convergence to non-global optimal solutions, when
pheromone values exceed the predetermined threshold 𝑏, edge pheromones are
capped at this maximum value. This effectively prevents information on one
path from becoming overwhelmingly dominant and eliminates scenarios where
all ants concentrate on the same path.

2.3 Post-processing
After iteration termination, the frequency of each affiliation value in nodes’label
lists is counted. If a particular value appears with high frequency across the label
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list, the node has a higher probability of belonging to that label. To improve
overlapping community detection accuracy, the algorithm can perform multiple
scans on the target network to determine final community partitions. The post-
processing steps are shown in Algorithm 4, where 𝑁𝑣(𝑙) represents the number
of neighbor nodes of node 𝑣 with label 𝑙, and 𝑠𝑢𝑚 denotes the total number of
possible labels among node 𝑣’s neighbors.

Algorithm 4: Step 3 - Post-processing
Input: Nodes and their label lists.
Output: A set of overlapping communities 𝐶.

For each node 𝑣 do
 Obtain the node’s label from the most frequent label in its label list.
 Find node 𝑣’s neighbor nodes and record their label set 𝐿.
 For each label 𝑙 in 𝐿 do
  If |𝑁𝑣(𝑙)|/𝑠𝑢𝑚 > 𝜃 then
   𝑙 is a community to which node 𝑣 belongs.
  End if
 End for
End for

3 Experimental Results and Analysis
To validate the accuracy and analytical performance of the AntCBO algorithm
for overlapping community detection, comparative experiments were conducted
on both synthetic and real-world networks. The clique percolation method
(CPM) and community overlap propagation algorithm (COPRA) were used as
baseline algorithms for comparison with AntCBO, evaluating the superiority of
each algorithm in overlapping community detection accuracy.

Parameter settings for the three algorithms are as follows: For CPM, 𝑘 = 3
on synthetic datasets, while 𝑘 varies from 3 to 10 on real-world datasets. For
COPRA, 𝑣 = 8 on synthetic datasets, while 𝑣 varies between 1 and 9 on real-
world datasets. AntCBO parameters are listed in Table 1 .

Table 1 Parameters of AntCBO Algorithm

Parameter Value
Maximum iterations 100
Initial pheromone 1.0
Pheromone decay 0.1
Pheromone increment 0.05
Pheromone threshold 5.0
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3.1 Synthetic Network Experiments

Synthetic network experiments employ the widely-used LFR (Lancichinetti-
Fortunato-Radicchi) benchmark, which better implements power-law distribu-
tions for node degrees and community sizes, making it more representative of
real social networks. This study generated four datasets using the LFR bench-
mark, with parameters detailed in Table 2 .

Table 2 Parameters of Synthetic Network

Dataset Nodes Community Size Range
LFR1 1000 10-50
LFR2 5000 10-50
LFR3 10000 10-50
LFR4 50000 10-50

3.2 Overlapping Community Identification Accuracy Analysis

Synthetic network experiments employ normalized mutual information (NMI) to
compare the accuracy of the three methods in identifying overlapping communi-
ties. NMI characterizes similarity between detected partitions and ground-truth
partitions, with values ranging from 0 to 1, where higher NMI indicates better
partitioning results. The best NMI values for the three algorithms across three
synthetic datasets are shown in Figure 1 [Figure 1: see original paper]. For
partitions 𝐶′ and 𝐶″, NMI values are determined by Equations (7) and (8):

𝑁𝑀𝐼 = 1 − 1
2[𝐻(𝑋|𝑌 ) + 𝐻(𝑌 |𝑋)]

where 𝑋 and 𝑌 represent random variables associated with partitions 𝐶′ and
𝐶″, and 𝐻(𝑋|𝑌 ) is the normalized conditional entropy of nodes belonging to
𝑋 given they belong to 𝑌 .

To verify algorithm universality, we first compare overlapping community de-
tection performance across different algorithms on the same dataset. Figures
1(a)-(d) demonstrate that for varying network scales and community size ranges,
as the number of community members 𝑂𝑚 varies from 2 to 6, the proposed
AntCBO algorithm consistently achieves higher NMI values than the other two
algorithms on LFR1, LFR2, and LFR4 datasets. For the LFR3 dataset, al-
though NMI values are lower than CPM when member counts are small, they
surpass both comparison algorithms as member counts increase. This indicates
that AntCBO exhibits strong detection performance for higher member counts,
while maintaining relatively high identification capability even at lower member
counts.

To verify algorithm robustness and analyze network scale impact on detection
performance, we compare each algorithm’s performance as network scale in-
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creases. Figures 2(a)-(c) show NMI value variations for the three algorithms on
datasets LFR1-LFR4. As member counts and network scales increase, all three
algorithms exhibit varying degrees of NMI decline. While AntCBO and COPRA
show similar decline magnitudes (approximately 0.2), AntCBO’s NMI metric
remains 30.9% and 83.3% higher than COPRA and CPM, respectively, on large-
scale networks (i.e., LFR4 with 𝑂𝑚 = 6), demonstrating superior accuracy for
large-scale, high-member-count overlapping community detection.

3.3 Overlapping Community Detection Quantity Analysis

Further analysis examines AntCBO’s performance in detecting the number of
overlapping communities. Figure 3 [Figure 3: see original paper] illustrates the
comparison between detected overlapping community counts and ground-truth
community counts across different algorithms. Figures 3(a)-(d) reveal that while
all three algorithms adequately reflect true overlapping community counts on
small networks with few members, AntCBO’s results align more closely with
benchmark counts as network scale and member counts increase.

To conveniently analyze algorithm accuracy in identifying network overlapping
communities, we define the 𝐹𝑠𝑐𝑜𝑟𝑒 function to measure detection accuracy as
the harmonic mean of precision and recall:

𝐹𝑠𝑐𝑜𝑟𝑒 = 2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

where 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 is the number of correctly detected overlapping nodes divided
by the total number of detected overlapping nodes, and 𝑟𝑒𝑐𝑎𝑙𝑙 is the number of
correctly detected overlapping nodes divided by the true number of overlapping
nodes.

Figure 4 [Figure 4: see original paper] shows overlapping community identifi-
cation accuracy for different detection algorithms on the same dataset. The
proposed AntCBO algorithm demonstrates better detection accuracy (higher
𝐹𝑠𝑐𝑜𝑟𝑒 values) on LFR1 and LFR2, indicating accurate identification on smaller
networks. On larger networks (LFR3 and LFR4), CPM achieves higher 𝐹𝑠𝑐𝑜𝑟𝑒
values than AntCBO and COPRA, suggesting more accurate detection. How-
ever, AntCBO consistently outperforms COPRA across all datasets. Combined
with analyses in Sections 3.1 and 3.2, although CPM shows high accuracy
on large-scale, high-member-count networks, AntCBO’s detected community
counts are closer to ground truth. Overall, AntCBO demonstrates stronger
performance than the two comparison algorithms.

3.5 Real-World Social Networks

This section examines AntCBO’s performance on real-world social networks.
Dataset parameters are summarized in Table 3 . Since ground-truth overlapping
community structures are unknown for real-world networks, NMI cannot be used
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for performance measurement. Instead, experiments employ 𝑄𝑜𝑣 to evaluate
algorithm performance. 𝑄𝑜𝑣 is a classical modularity extension for overlapping
community detection that considers both the number of communities each vertex
belongs to and the degree of community membership. Higher 𝑄𝑜𝑣 values indicate
better partitioning quality, with main formulas given in Equations (10)-(15).

Table 3 Digest of Real-World Social Networking

Dataset Nodes Edges Average Degree Communities
Karate[13] 34 78 4.59 2
Dolphins[14] 62 159 5.13 2
Football[15] 115 613 10.66 12

Experimental results comparing 𝑄𝑜𝑣 values are presented in Table 4 . Analysis
reveals that AntCBO outperforms both COPRA and CPM on Karate, Dolphins,
and Football networks. Overall, AntCBO achieves higher 𝑄𝑜𝑣 values than CO-
PRA and CPM on most real-world network datasets, demonstrating superior
performance.

Table 4 Values of 𝑄𝑜𝑣 with Different Algorithms in Real-World Net-
works

Dataset AntCBO COPRA CPM
Karate 0.42 0.38 0.35
Dolphins 0.51 0.47 0.45
Football 0.61 0.58 0.59

4 Conclusion
Building upon existing research on overlapping community detection algorithms,
this paper proposes an ant colony-based overlapping community detection algo-
rithm comprising parameter initialization, ant position initialization, ant move-
ment, and post-processing stages. Experimental analysis on synthetic and real-
world datasets validates the algorithm’s performance in detail. Results demon-
strate that compared to CPM and COPRA, the proposed ant colony-based
overlapping community detection algorithm exhibits good performance in com-
munity detection quality, providing valuable reference for solving current over-
lapping community detection problems and understanding functional structures
in networks.
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