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I. INTRODUCTION  

Realistic social network generation plays a critical role 
in modern computational social science, studies of infor-
mation diffusion, and the evaluation of community detec-
tion and link prediction algorithms [1-3]. By creating syn-
thetic networks that closely mirror key real-world char-
acteristics such as dense local clustering, short average path 
lengths, and heavy-tailed degree distributions researchers 
can systematically test hypotheses and rigorously bench-
mark algorithms without relying solely on proprietary, 
sensitive, or noisy observational data [5]. Moreover, 
controllable simulated networks facilitate exploring "what-
if" scenarios, such as assessing how policy interventions 
might alter network evolution, ultimately providing deeper 
insights into the mechanisms behind the formation and dy-
namics of large-scale online communities [4,25].  

One of the most influential modeling approaches for 
capturing network community structure is the stochastic 
block model (SBM), originally proposed to represent 
networks divided into distinct groups or communities [6-7]. 

In a standard SBM, nodes are assigned to predefined 
blocks, with the probability of forming an edge depending 
solely on the block memberships of node pairs. This 
approach naturally leads to denser intra-block connectivity 
and sparser inter-block connectivity, effectively capturing 
modular network structure. Despite its conceptual elegance 
and analytical tractability, the classical SBM assumes a 
fixed set of nodes and static block memberships, making it 
less suited for modeling dynamic network growth and the 
heavy-tailed degree distributions commonly observed in 
real-world social networks [8-9].  

In contrast, preferential attachment (PA) models 
explicitly address network growth through a "rich-get-
richer" process, where new nodes preferentially connect to 
existing nodes in proportion to their degrees [10-11]. Intro-
duced by Barabási and Albert, PA naturally yields networks 
characterized by power-law (scale-free) degree distribu-
tions, capturing critical empirical properties such as the 
presence of highly influential "hub" nodes and small-world 
phenomena like short average path lengths [2]. However, 
classical PA models typically lack explicit community or 
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modular structure, producing networks that do not effec-
tively represent the organized and modular nature com-
monly found in real-world social and information networks 
[9].  

Recent works have attempted to bridge modeling gaps in 
SBMs by addressing complexities such as degree 
heterogeneity, overlapping communities, and hierarchical 
structures. For instance, the mixed membership sBM 
(MMSBM) allows nodes to exhibit partial memberships in 
multiple blocks, significantly enhancing modeling flexibil-
ity in applications like social and collaboration networks 
[12]. Hierarchical SBMs introduce nested block structures, 
enabling the modeling of community organization at 
multiple scales [13]. A particularly influential extension is 
the degree-corrected SBM (DCSBM) by Karrer and 
Newman [8], which incorporates node-specific degree pa-
rameters to reflect empirical heavy-tailed degree distribu-
tions. Although DCSBM significantly advances classical 
SBMs in capturing degree variability, it remains fundamen-
tally static—assuming fixed nodes and block assignments, 
with degree corrections introduced through node-level 
adjustments. In contrast, our proposed growing stochastic 
block model (GSBM) explicitly incorporates dynamic node 
arrivals and preferential attachment, allowing block sizes to 
evolve naturally according to power-law–distributed 
community proportions and enabling hubs to form 
organically through growth processes. Additional recent 
variants have introduced scalable and probabilistic SBMs 
tailored to large-scale networks, further highlighting the 
importance of integrative models addressing dynamic 
growth, degree heterogeneity, and community structure 
[14-16,26].  

While Dynamic SBMs also capture temporal network 
evolution, they primarily focus on tracking the reas-
signment or drift of block memberships for an approx-
imately fixed set of nodes over discrete time steps [17-18]. 
By contrast, our GSBM explicitly models network growth 
through continuous node arrivals, probabilistic block as-
signment based on power-law community-size distribu-
tions, and edge formation guided by preferential attachment 
rules. This distinction is crucial when analyzing rapidly 
growing social networks, where heavy-tailed degree distri-
butions and hub structures often emerge organically from 
growth-based "rich-get-richer" processes. Thus, while dy-
namic SBMs provide valuable insights into evolving block 
memberships in relatively stable networks, our GSBM of-
fers a growth-centric and realistic generative framework 
suitable for networks undergoing substantial changes in 
size and community structure over time.  

In this paper, we formally introduce our novel growing 
stochastic block model (GSBM), explicitly integrating 
preferential attachment with stochastic block structures to 

effectively capture both modular community organization 
and heavy-tailed degree distributions in real-world net-
works. Specifically, our contributions include: Formulating 
a dynamic generative process where new nodes sequen-
tially join communities sampled from power-law block-size 
probabilities, ensuring realistic community-size heteroge-
neity.; Integrating preferential attachment-based edge for-
mation rules within and across communities, enabling nat-
ural hub emergence.; Providing analytical insights and ex-
tensive simulation results demonstrating how our GSBM 
surpasses classical and dynamic SBMs, as well as pure PA 
models, in capturing structural phenomena observed in 
real-world social networks.  

The structure of this paper is as follows. Section 2 pro-
vides the details of the proposed GSBM. Section 3 presents 
experimental evaluations. Conclusions and future research 
directions are discussed in Section 4.  

By unifying SBM and PA principles, the proposed 
GSBM serves as a flexible, growth-oriented model signifi-
cantly advancing our ability to generate synthetic networks 
that accurately reflect the complexity and dynamics of 
large-scale social and information systems. 

 

II. METHOD 

In this section, we formally introduce the growing sto-
chastic block model (GSBM) and provide a detailed expla-
nation of its preferential attachment (PA) mechanism. 

The model operates through the following three main 
phases: (1) Initialization phase, (2) Intra-community edge 
generation phase and (3) Inter-community edge generation 
phase. The pseudocode for the GSBM algorithm is pro-
vided in Algorithm 1. We assumed graph object G has the 
following fields: 𝑉𝑉  vertex set, 𝐸𝐸  edge set and 𝑑𝑑𝑑𝑑𝑑𝑑  de-
gree information of each vertex. Size of sets is represented 
as |𝐸𝐸| in the pseudocode.  

 
2.1. Initialization 

In the GSBM algorithm, the generate-community opera-
tion assigns the vertices numbered from 1 to 𝑛𝑛 sequen-
tially into 𝑘𝑘 communities using power law distribution as 
shown in Algorithm 2. For this assignment, a power-law 
distribution of the form 𝑛𝑛 1

𝑖𝑖𝛼𝛼
 is used for each community, 

where 𝑖𝑖  is the index of the community (line 15). While 
assigning a vertex to a community, it is ensured that the total 
number of nodes across all communities satisfies ∑|𝐶𝐶𝑖𝑖| =
𝑛𝑛  and the smallest community must have at least 𝑚𝑚2 
nodes to support intra-community edge generation later 
(line 7-10). After the assignment, the function returns 𝐶𝐶 =
{𝐶𝐶1,𝐶𝐶2, … ,𝐶𝐶𝑘𝑘} set of communities (line 11-17). 
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2.2. Intra-Community Edge Generation 

In this stage, only intra-community edges are generated 
and added to the network. Since the communities initially 
have no internal edges, the first 𝑚𝑚2  nodes in each 
community are connected using a power law initialization. 
This is done via initialize-community operation shown in 
Algorithm 3. 

For each of the first 𝑚𝑚2 nodes, node 𝑖𝑖 is connected to 
max (1, 𝑚𝑚2

2𝑖𝑖−1
) other nodes within the same community. So 

that each of the first 𝑚𝑚2 nodes will have at least one edge. 
First, sets 𝑆𝑆  and 𝑅𝑅  contain the first 𝑚𝑚2  nodes of the 
community (line 3, Algorithm 3). The algorithm iterates 
through 𝑆𝑆 set and connects each node in 𝑆𝑆 to randomly 
chosen |𝑅𝑅|/𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  number of nodes in 𝑅𝑅 . Then, current 
node is removed from R once it connected to the chosen 
nodes (line 49). After the first 𝑚𝑚2 nodes are initialized, the 
algorithm continues with the rest of the nodes as show in 
Algorithm 1. 

Each remaining node is considered in order. For each 
node, it is connected to a randomly chosen number 𝑒𝑒 of 
previous nodes using a preferential attachment mechanism. 
The value of 𝑒𝑒 is randomly selected between 1 and 2𝑚𝑚2 
to induce a diversity in degree distribution. For preferential 
attachment, the probability weight for connecting to a node 
𝑣𝑣 is calculated as G.deg[𝑣𝑣]

2|𝐺𝐺.𝐸𝐸𝐶𝐶𝑖𝑖|
 where 𝐺𝐺. deg [𝑣𝑣] is the degree 

of node 𝑣𝑣 and |𝐺𝐺.𝐸𝐸𝐶𝐶𝑖𝑖| is the number of edges in commu-
nity 𝑖𝑖 . This process encourages high-degree nodes to 
attract more connections, mimicking real-world social 

Algorithm 1. GSBM algorithm. 
GSBM(𝑛𝑛,𝑘𝑘,𝛼𝛼,𝑚𝑚1,𝑚𝑚2) 

1: Create 𝐺𝐺 graph with 𝑛𝑛 vertices 
2: 𝐺𝐺.𝐸𝐸 = {∅}, 𝑤𝑤 ← {0, 0, … , 0} 
3:    𝐶𝐶 ← 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛, 𝑘𝑘,𝛼𝛼) 
4: For 𝐶𝐶𝑖𝑖 ∈ 𝐶𝐶 
5:     𝑆𝑆 ← 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺,𝐶𝐶𝑖𝑖 ,𝑚𝑚2) 
6:     𝐶𝐶𝑖𝑖′ ← 𝐶𝐶𝑖𝑖/𝑆𝑆 
7:     For 𝑢𝑢 ∈ 𝐶𝐶𝑖𝑖′ 
8:         For 𝑣𝑣 ∈ 𝑆𝑆 
9:             𝑤𝑤[𝑖𝑖] ← 𝐺𝐺. deg [𝑣𝑣]/(2 ⋅ �𝐺𝐺.𝐸𝐸𝐶𝐶𝑖𝑖�) 
10:         𝑒𝑒 ← random value in range [1,2𝑚𝑚2] 
11:           𝑅𝑅 ← {𝑒𝑒  nodes selected randomly from 𝑆𝑆 

using 𝑤𝑤 weight} 
12:         For 𝑣𝑣 ∈ 𝑅𝑅 

            𝐺𝐺.𝐸𝐸 ← 𝐺𝐺.𝐸𝐸 ∪ {(𝑢𝑢, 𝑣𝑣)}  
13:             Increase 𝐺𝐺. deg [𝑣𝑣],𝐺𝐺. deg [𝑢𝑢] by one 
14:          𝑆𝑆 ← 𝑆𝑆 ∪ {𝑢𝑢} 
15: For 𝐶𝐶𝑖𝑖 ∈ 𝐶𝐶 
16:     𝑉𝑉′ ← 𝐺𝐺.𝑉𝑉/𝐶𝐶𝑖𝑖 
17:     For 𝑢𝑢 ∈ 𝐶𝐶𝑖𝑖 
18:         For 𝑣𝑣 ∈ 𝑉𝑉′ 
19:             𝑤𝑤[𝑣𝑣] ← 𝐺𝐺. deg [𝑣𝑣]/|𝐺𝐺.𝐸𝐸𝑉𝑉′| 
20:         𝑒𝑒 ←random value in range [0,2𝑚𝑚1] 
21:          𝑅𝑅 ← {𝑒𝑒  nodes selected randomly from 𝑉𝑉′ 

using 𝑤𝑤 weight} 
22:         For 𝑣𝑣 ∈ 𝑅𝑅 
23:             𝐺𝐺.𝐸𝐸 ← 𝐺𝐺.𝐸𝐸 ∪ {(𝑢𝑢, 𝑣𝑣)} 
24:             Increase 𝐺𝐺. deg[𝑢𝑢] ,𝐺𝐺. deg [𝑣𝑣] by one 
25: Return 𝐺𝐺 

Algorithm 2. Assigning nodes to communities. 

Generate-community(𝑛𝑛, 𝑘𝑘,𝛼𝛼) 

1: Initialize set 𝑆𝑆 ← { 1
1𝛼𝛼

, 1
2𝛼𝛼

, … , 1
𝑘𝑘𝛼𝛼

} 

2: 𝑡𝑡 ← � 𝑆𝑆𝑖𝑖
𝑆𝑆𝑖𝑖∈𝑆𝑆

 

3: S← 𝑆𝑆 ⋅ 1
𝑡𝑡
  // normalization step 

4: For 𝑆𝑆𝑖𝑖 ∈ 𝑆𝑆 
5:      𝑆𝑆𝑖𝑖 ← ⌊𝑆𝑆𝑖𝑖 ⋅ 𝑛𝑛⌋ 
6: 𝑟𝑟 ← 𝑛𝑛 −  �𝑆𝑆𝑖𝑖

𝑆𝑆𝑖𝑖∈𝑆𝑆

  

7: While 𝑟𝑟 > 0 
8:     For 𝑆𝑆𝑖𝑖 ∈ 𝑆𝑆 
9:         If 𝑟𝑟 > 0 
10:             𝑆𝑆𝑖𝑖 ← 𝑆𝑆𝑖𝑖 + 1, 𝑟𝑟 ← 𝑟𝑟 − 1 
11: 𝑢𝑢𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ← 0,𝐶𝐶 ← ∅ 
12: For 𝑆𝑆𝑖𝑖 ∈ 𝑆𝑆 
13:     𝑢𝑢𝑒𝑒𝑒𝑒𝑒𝑒 ← 𝑢𝑢𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑆𝑆𝑖𝑖 ,𝐶𝐶𝑖𝑖 ← ∅ 
14:     For 𝑣𝑣 ← 𝑢𝑢𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 to 𝑢𝑢𝑒𝑒𝑒𝑒𝑒𝑒 
15:         𝐶𝐶𝑖𝑖 ← 𝐶𝐶𝑖𝑖 ∪ {𝑣𝑣} 
16:     𝐶𝐶 ← 𝐶𝐶 ∪ 𝐶𝐶𝑖𝑖 ,𝑢𝑢𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ← 𝑢𝑢𝑒𝑒𝑒𝑒𝑒𝑒 
17: Return 𝐶𝐶 

Algorithm 3. Initializing first 𝑚𝑚2 nodes of given community. 

Initialize-community(𝐺𝐺,𝐶𝐶𝑖𝑖 ,𝑚𝑚2) 

1: 𝑚𝑚2� ← min(|𝐶𝐶𝑖𝑖|,𝑚𝑚2) in case community is smaller  
2: 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ← 1 
3: 𝑆𝑆 ← {first  𝑚𝑚2�  nodes of 𝐶𝐶𝑖𝑖}, 𝑅𝑅 ← 𝑆𝑆 
4: For 𝑢𝑢 ∈ 𝑆𝑆 
5:     𝑅𝑅 ← 𝑅𝑅/{𝑢𝑢} 
6:     𝑊𝑊 ← {𝑟𝑟andomly chosen min (1, |𝑅𝑅|/𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) 

number of nodes from 𝑅𝑅} 
7:     For 𝑣𝑣 ∈ 𝑊𝑊 
8:          𝐺𝐺.𝐸𝐸 ← 𝐺𝐺.𝐸𝐸 ∪ {(𝑢𝑢, 𝑣𝑣)} 
9:     𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ← 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 × 2 
10: Return S 
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networks. 

 
2.3. Inter-Community Edge Generation 

Each node in the network, in addition to being connected 
within its own community, will also connect to up to 2𝑚𝑚1 
nodes from other communities (line 16–25, Algorithm 1). 
The number of such external connections 𝑒𝑒  is randomly 
selected from the interval 𝑒𝑒 ∈ [0,2𝑚𝑚1]. These 𝑒𝑒 nodes to 
connect with are chosen using the principle of preferential 
attachment, where the nodes are selected based on weighted 
probabilities. In this case, the probability weight of node 𝑣𝑣 
is 𝑤𝑤[𝑣𝑣] ← 𝐺𝐺.deg [𝑣𝑣]

|𝐺𝐺.𝐸𝐸𝑉𝑉′|
  where 𝐺𝐺.𝑑𝑑𝑑𝑑𝑑𝑑[𝑣𝑣]  is number of de-

grees of node 𝑣𝑣 and |𝐺𝐺.𝐸𝐸𝑉𝑉′| is number of edges formed 
in subgraph 𝑉𝑉′ (line 19, Algorithm 1). 

By combining preferential attachment mechanism both 
within and between communities, the GSBM algorithm 
maintains dense intra-community connectivity while also 
introducing rare but strong inter-community connections 
across the entire network. This enables the model to more 
realistically represent the clustered and hierarchical 
structures commonly observed in many real-world 
networks. 

III. EXPERIMENT 

We tested our proposed GSBM model by comparing it 
with state of the art algorithms such as Barabási–Albert 
(BA) [10], Erdős–Rényi (ER) [23], the traditional SBM [6] 
and degree corrected SBM [16]. When generating networks 
using these methods, we aimed to make them as similar as 
possible to facebook and condmat data. The number of 
nodes, number of edges, and average degree were matched 
to those of the benchmark data. 

The real-world dataset we used, referred to as facebook, 
is widely known and serves as a benchmark dataset in social 
network analysis. The nodes of this graph represent 
Facebook users and the edges represent friendship 
connections between them [22]. We refer to this dataset as 
FB (short for facebook). Condmat dataset is a collaboration 
network between the scientist who submitted paper to 
condensed matter category of arxiv. Nodes represent 
authors and edges represent coauthorship relation. We will 
refer to this dataset as CD (short for condmat). 

We compared the synthetic networks generated using the 
aforementioned models against these two benchmark net-
works. We used implementations in networkx library for 
generating BA and ER networks. We did our simple imple-
mentation for SBM and DCSBM models. 

Structural information of the generated networks are 
compared using five key network metrics: clustering coef-
ficient, diameter, average shortest path (ASP), degree as-
sortativity, and modularity. Modularity is measured by 

Louvain method. Also, degree distribution of the generated 
networks is analyzed using degree frequency histogram. 
 
3.1 Parameter Tuning 

We investigated how structural properties of a network 
evolve as the parameter 𝛼𝛼  increases from 1.1 to 2.0 in 
Table 1. 

The clustering coefficient, which reflects the tendency of 
nodes to form tightly-knit groups, decreases steadily as 
alpha increases. Starting from approximately 0.141 at 
𝛼𝛼=1.1, it drops to 0.123 at 𝛼𝛼=2.0. This trend suggests that 
local connectivity becomes less cohesive, possibly due to 
one giant community and the rest of the communities are 
getting smaller and smaller. 

The network diameter remains mostly stable at 6, with a 
slight dip to 5.8 at alpha=1.8. This indicates that the 
maximum shortest path between any two nodes in the 
network is largely unaffected by changes in 𝛼𝛼. 

ASP shows a monotonic decline from 3.004 to 2.821 as 
𝛼𝛼 increases. This implies that, on average, nodes can reach 
each other in fewer steps, suggesting a transition towards a 
small-world topology where distant parts of the network 
become more interconnected. 

Degree assortativity initially increases from 0.018 to a 
peak of 0.030 at 𝛼𝛼=1.8, followed by a slight decrease at 
𝛼𝛼 =2.0. This pattern indicates a growing preference for 
nodes to connect to others with similar degrees up to a 
point, possibly forming assortative clusters, after which this 
tendency slightly weakens, hinting at a shift towards more 
heterogeneous or random connectivity. 

Modularity, a measure of the strength of community 
structure, exhibits a significant decline from 0.672 at 
𝛼𝛼=1.1 to 0.464 at 𝛼𝛼=2.0. This trend reflects the progressive 
erosion of clear community boundaries, suggesting that the 
network becomes increasingly homogeneous and less 
compartmentalized as 𝛼𝛼 increases. 

Overall, increasing the 𝛼𝛼 parameter results in networks 
that are less clustered and modular, more condensed in 
terms of path length, slightly more assortative (up to a 
point), largely unchanged global diameter and degree dis-
tribution. The 𝛼𝛼  parameter set to lesser value seems to 
show good performance except for degree assortativity and 
𝛼𝛼=1.2 seems appropriate for this experiment. 

Table 1. 𝛼𝛼 parameter analysis. 

𝛼𝛼 1.1 1.2 1.4 1.6 1.8 2.0 

Clustering coef. 0.141 0.137 0.135 0.133 0.126 0.123 
Diameter 6 6 6 6 5.8 6 

ASP 3.004 2.993 2.952 2.898 2.855 2.821 
Degree assort. 0.018 0.020 0.024 0.026 0.030 0.026 

Modularity 0.672 0.657 0.612 0.561 0.513 0.464 



Journal of Multimedia Information System VOL. 12, NO. 3, September 2025 (pp. 71-80): ISSN 2383-7632 (Online) 
https://doi.org/10.33851/JMIS.2025.12.3.71 

75                                                 

 

As for the parameters 𝑚𝑚1 and 𝑚𝑚2 directly affect aver-
age number of degrees and 𝑚𝑚2  is chosen close to the 
average number of degrees of the benchmark network. The 
𝑚𝑚1 parameter is set to 1 and 2 in FB and CD benchmarks 
respectively since too much inter-community edges blur 
community structure.  

The parameter 𝑘𝑘  sets the number of communities. In-
creasing 𝑘𝑘 improves structural properties of the network 
but it affects degree distribution and heavy tail disappears. 
Also, larger k produces many small communities and some 
of them are disconnected from the rest of the network. 

 
3.2. Parameter Configuration 

When generating a network using the traditional SBM 
algorithm, we aimed to match the number of nodes and 
average degree to those of the benchmark dataset. This 
algorithm takes as input the number of nodes 𝑛𝑛, the number 
communities 𝑘𝑘 and their sizes, and a probability matrix 𝑃𝑃 
that defines the likelihood of edge formation between and 
within communities. We used the same community size 
distribution as in GSBM. The probability matrix 𝑃𝑃  was 
constructed using equations 1 and 2. Specifically, equation 1 
was used to determine the probability of edge formation 
between nodes within the same community, while equation 2 
was used for nodes belonging to different communities. Here, 
𝑛𝑛𝑖𝑖  and 𝑛𝑛𝑗𝑗  represent the number of nodes in community 𝑖𝑖 
and community 𝑗𝑗 , respectively; 𝑘𝑘  is the number of 
communities; and 𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎 denotes the average degree. 

 
 𝑃𝑃𝑖𝑖,𝑖𝑖 = 2⋅𝑛𝑛𝑖𝑖⋅𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎

𝑛𝑛𝑖𝑖⋅(𝑛𝑛𝑖𝑖−1)⋅𝑘𝑘
. (1) 

 
 𝑃𝑃𝑖𝑖,𝑗𝑗 =

�𝑛𝑛𝑖𝑖+𝑛𝑛𝑗𝑗�⋅𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎
𝑛𝑛𝑖𝑖⋅𝑛𝑛𝑗𝑗⋅𝑘𝑘

. (2) 

 
This same probability matrix is used for DCSBM. But, 

there is a degree correction probability for each node 𝑣𝑣 
represented as 𝜃𝜃𝑣𝑣. We need to note that we initialized 𝜃𝜃𝑣𝑣 
with uniform random distribution from 0.25 to 1.75.  

When generating a network using the BA model, we used 
the number of nodes 𝑛𝑛  and the number of connections 
each new node can make, denoted by 𝑝𝑝, based on the node 
count and average degree of the benchmark dataset. 

For the ER method, we set the number of nodes 𝑛𝑛 to 
match that of the benchmark dataset, while the edge 
formation probability 𝑝𝑝  was determined using the equa-
tion 3 where 𝑛𝑛 and 𝑚𝑚 represent the number of nodes and 
edges in the benchmark dataset, respectively. 

 
 𝑝𝑝 = 2⋅𝑚𝑚

𝑛𝑛⋅(𝑛𝑛−1)
. (3) 

 
The purpose of setting the probability in this way is to 

ensure that the average number of edges per node closely 
resemble the average degree in the benchmark dataset. 

The GSBM algorithm takes the following parameters: 
the number of nodes 𝑛𝑛, the number of communities 𝑘𝑘, the 
power distribution coefficient 𝛼𝛼 for community sizes, the 
number of inter-community edges 𝑚𝑚1, and the number of 
intra-community edges 𝑚𝑚2 . To align the average degree 
with that of the benchmark graph, the parameters were cho-
sen such that 𝑚𝑚1+𝑚𝑚2 ≈ 𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎. In our experiment, we used 
the parameter configuration shown in Table 2 after parame-
ter tuning. 
 
3.3. Result 

The overall properties observed across the entire network 
are referred to as global characteristics. A comparison of 
these global characteristics for the networks generated by 
different algorithms is presented in Table 3. 

The average degree indicates how many people, on aver-
age, each individual is connected to. In the benchmark 
network, the average degree is 21.8, which suggests that it 
is a relatively dense network. Higher density in a network 
implies faster spread of diseases or quicker dissemination 
of information. In social networks, a high degree often 
indicates that the individual holds significant influence 
[19]. The fact that the average degrees of all the syntheti-
cally generated networks are close to that of the benchmark 
network shows that the parameters we used to generate 
these networks similar to FB are appropriate. 

Table 2. GSBM parameter configuration. 
 facebook condmat 

n 4,039 23,133 
k 5 1,500 
𝛼𝛼 1.2 1.01 
𝑚𝑚1 1 2 
𝑚𝑚2 22 3 

Table 3. Global structural information of the generated networks 
for FB benchmark. 

 FB GSBM SBM BA ER DCSBM 

Nodes 4,039 4,039 4,039 4,039 4,039 4,039 
Edges 88,234 87,720 85,633 84,378 88,084 85,987 

Avg.deg 21.8 21.7 21.2 20.8 21.8 21.3 
Cluster 
coef. 

0.605 0.136 0.013 0.036 0.010 0.019 

Diameter 8 6 4 4 4 4 
ASP 3.7 3.0 2.6 2.5 2.6 2.6 
Deg 

assort. 
0.063 0.026 0.098 0.006 0.006 0.054 

Modularity 0.834 0.659 0.132 0.13 0.137 0.127 
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Clustering coefficient measures average number of trian-
gles a node is a part of. From structural point of view, it 
measures tendency to form tightly knit groups with their 
adjacent nodes. In real world networks where every body 
form friendship this tendency is frequently observed [28]. 
Clustering coefficient of FB network is 0.605 meaning that 
for each node, more than half of its pair of friends share a 
triangular relationship. The synthetic networks show signif-
icantly lower clustering coefficient compared to FB. 
However, GSBM shows 0.136 which is almost ten times 
greater than other three networks.  

In terms of diameter, the GSBM-generated network most 
closely resembles the benchmark network. To compute the 
diameter, we first calculate the shortest paths between all 
pairs of nodes and then select the longest among those 
shortest paths, based on the number of nodes involved in 
each path. In social networks, due to the small-world effect, 
it is often possible for any two individuals to be connected 
through a chain of friends up to six or fewer [21]. The fact 
that the GSBM network has a diameter of 6 indicates con-
sistency with real-world social networks while the others 
have a diameter of 4, suggesting they are overly compact. 

ASP of FB benchmark was 3.7, indicating that infor-
mation typically spreads across the network in 3 to 4 hops. 
The GSBM algorithm achieved an ASP of 3, making it the 
closest match to the benchmark. In contrast, the ASP values 
for the other synthetic networks were 2.5 and 2.6, which 
suggests they are overly compact. 

The degree assortativity coefficient measures whether 
nodes tend to connect with others that have similar degrees. 
This metric ranges from −1 to 1, where positive values 
indicate a tendency for nodes to connect with others of 
similar degree, and negative values indicate the opposite. In 
real social networks, this measure is important as it reflects 
patterns like wealthy individuals befriending other wealthy 
individuals, or highly connected people being friends with 
others who are also highly connected. The FB benchmark 
network exhibited a positive assortativity coefficient, and 
GSBM also showed a positive value, indicating structural 
consistency with real-world social networks. Compared to 
the FB network, the assortativity score of GSBM was only 
0.04 lower, which is a relatively small difference. On the 
other hand, the SBM algorithm showed highest negative 
number among all the models meaning its connections are 
not following real world tendency. Both the BA and ER 
models produced values near zero or slightly negative 
further highlighting their limitations in capturing this real-
world property. 

We analyzed structural metrics of GSMB over 20 runs 
with the same parameters in Table 4. Standard deviation 
shows minimal variations across all metrics meaning that 
GSBM is stable and consistent with input parameters. 

Analyzing the degree distribution of a network is crucial 
for understanding its structural characteristics. In social net-
works and many other real-world networks, the degree 
distribution often follows a heavy-tailed power-law distri-
bution [27]. This indicates the presence of a small number 
of highly influential nodes or "hubs" within the network. 
Figure 1 shows the degree distributions of networks gener-
ated by the different algorithms. As observed in the figure, 
the FB network demonstrates the most pronounced heavy 
tail, followed by the BA and GSBM models. The tails of the 
BA and GSBM distributions are quite similar. But BA pro-
duces wider tail than GSBM. Hubs of FB benchmark are 
not replicated in GSBM and BA since they are cut off 
around 450 and 500 respectively. 

In contrast, the SBM, ER and DCSBM networks look 
particularly uniform. The ER model's degree distribution 
appears to follow a normal distribution, which reflects the 
algorithm’s behavior to create connections uniformly, 
resulting in nodes with degrees close to the average. The 
SBM and DCSBM algorithms fail to reproduce a heavy tail 
for FB benchmark. However, a modified version of SBM 
combined with a preferential attachment (PA) mechanism 
is observed to successfully produce a heavy-tailed 
distribution. This suggests that while SBM captures 
community-based structure well, it requires augmentation 
(e.g., with PA) to reflect real-world degree heterogeneity. 

Table 5 contains CD benchmark results. CD network 
displays a high clustering coefficient (0.633), large 
diameter (15), relatively long average shortest path length 
(ASP=4.56), moderate positive degree assortativity 
(0.134), and strong community structure (modular-
ity=0.731). GSBM approximates CD most closely across 
several metrics. While its clustering coefficient (0.097) is 

 
Fig. 1. Cumulative degree distribution of the generated networks 
for FB benchmark. 

Table 4. Mean and standard deviation of the network generated 
by GSBM for FB benchmark over 20 runs. 

 Cluster 
coef 

Diameter ASP Deg 
assort 

Modularity 

Mean 0.138 6.00 2.990 0.020 0.654 
Std 0.002 0.00 0.004 0.005 0.003 
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substantially lower than CD’s, it retains a relatively 
comparable ASP (4.76) and modularity (0.619), suggesting 
that it captures global structure and community separation 
reasonably well. In contrast, the SBM shows severe 
limitations, with nearly nonexistent clustering (0.001) and 
strong disassortative mixing (−0.281), indicating its in-
ability to mimic both local cohesion and realistic degree 
correlations. Also, BA and ER models both show extremely 
low clustering, 0.003 and 0.000, respectively and weak or 
negative assortativity, diverging significantly from CD in 
both local and mesoscopic structure. DCSBM introduces 
some improvements by modeling degree variability, but 
still lacks sufficient clustering which is 0.002 and exhibits 
strong disassortativity, which contrasts sharply with CD’s 
positive assortativity. Overall, GSBM emerges as the most 
structurally close model to CD, especially in preserving 
path-based and community-level characteristics, though no 
model fully captures CD’s high clustering or assortative na-
ture. These results highlight the importance of incorporat-
ing both degree heterogeneity and realistic local connectiv-
ity patterns when modeling complex real-world networks. 

Scale-free and heavy-tailed nature of CD benchmark can 
be seen in Figure 2. GSBM closely resembles the CD net-
work, displaying a similarly heavy-tailed distribution with 
a wide range of degrees, though slightly truncated at higher 
values. Also, its maximum number of degrees is very close 
to CD. DCSBM also provides a good approximation, effec-
tively capturing the degree heterogeneity resulting in a 
distribution that decays more gradually than the basic SBM. 
The BA model replicates the power-law nature of the CD 

network but overshoots in the production of hubs, 
generating a longer tail with excessively high-degree nodes, 
which may not be close representative of the CD network. 
Lastly, ER model shows a rapid exponential decay in its 
degree distribution, reflecting a highly homogeneous 
structure with limited degree variance, and thus fails to cap-
ture the scale-free characteristics of the CD network. 

The networks generated by the different algorithms were 
visualized using the spring layout function from the net-
workx library, as shown in Figure 3. In the figure, the FB 
network clearly displays multiple distinct communities, 
with communities distinctively spread over indicating the 
absence of direct edges between certain communities. This 
reflects the real-world nature of social networks, where 
tightly-knit clusters may have little to no direct connections 
with others. The GSBM-generated network displays five 
distinct community structures, which directly corresponds 
to the parameter 𝑘𝑘=5. All communities are interconnected 
with direct edges, a feature consistent with the SBM-based 
modeling that GSBM builds upon. Although the SBM algo-
rithm also models community structure, its visual output 
fails to reveal clear group separations. This is likely due to 
the dense interconnections between the communities, 
which obscure community boundaries and make them vis-
ually indistinct. In contrast, the BA and ER models do not 
incorporate any form of community modeling, and as ex-
pected, their resulting network visualizations show no ob-
vious group structures. Their layouts appear more homo-
geneous, lacking the modularity seen in the FB or GSBM 
networks. 
 

IV. CONCLUSION 

We proposed the GSBM model by combining the 
traditional SBM model with the preferential attachment 
(PA) mechanism and compared its results with modern 
methods. The experimental results demonstrate that the 
GSBM algorithm is capable of generating synthetic 
networks that closely resemble real-world structures. The 
degree distribution of networks generated using GSBM 
exhibits a heavy-tailed pattern, which is commonly 
observed in real-world social networks, and the network 

 
Fig. 2. Cumulative degree distribution of generated networks for 
CD benchmark. 

Table 5. Global structural information of the generated networks for CD benchmark.  
CD GSBM SBM BA ER DCSBM 

Nodes 23,133 23,133 23,133 23,133 23,133 23,133 
Edges 93,439 95,390 92,294 92,516 93,278 92,978 

Avg.deg 4.0 4.1 4.0 4.0 4.0 4.0 
Cluster coef. 0.633 0.097 0.001 0.003 0.000 0.002 

Diameter 15 11 10 7 9 10 
ASP 4.56 4.76 4.12 4.17 5.05 4.03 

Deg assort. 0.134 0.006 0.281 0.02 0.004 0.228 
Modularity 0.731 0.619 0.307 0.3 0.307 0.298 
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retains a clear community structure. The average shortest 
path length in the GSBM-generated network is 0.4 longer 
than those generated by the BA, SBM, and ER methods, 
and 0.7 shorter than that of the real network. The degree 
assortativity of the GSBM network is the highest among all 
the synthetic networks at 0.026. These findings suggest that 
the GSBM-generated network is the closest to the bench-
mark network. 

As for future improvements, the current version of the 
GSBM algorithm creates links between all community 
pairs, which does not fully align with real-world network 
structures. For example, in the FB network, some commu-
nities are connected to only one other community directly 
meaning that it has to go through this community to interact 
with the rest of world. Incorporating this feature into 
GSBM may lead the generation of synthetic networks that 
more accurately reflect real-world social network struc-
tures. 

 

REFERENCES 

[1] S. Yang, Networks: An introduction by MEJ Newman: 
Oxford: Oxford University Press. p. 720, 250, 251, 720 
UK, 2013. 

[2] M. Pósfai and A. L. Barabási, Network Science. vol. 3, 
Cambridge, Cambridge University Press, 2016. 

[3] D. Lusher, J. Koskinen, and G. Robins (eds.), 
Exponential Random Graph Models for Social 
Networks: Theory, Methods, and Applications. Cam-
bridge University Press, 2013. 

[4] M. O. Jackson, Social and Economic Networks. vol. 3 
Princeton, Princeton University Press, 2008. 

[5] A. Lancichinetti and F. Santo, "Benchmarks for testing 
community detection algorithms on directed and we-
ighted graphs with overlapping communities," Physical 
Review E Statistical, Nonlinear, and Soft Matter 
Physics, vol. 80, no. 1, p. 016118, 2009. 

[6] P. W. Holland, B. L. Kathryn, and L. Samuel, 
"Stochastic blockmodels: First steps," Social Networks, 
vol. 5, no. 2, pp. 109-137, 1983. 

[7] K. Nowicki and T. A. B. Snijders, "Estimation and 
prediction for stochastic blockstructures," Journal of 
the American Statistical Association, vol. 96, no. 455 
pp. 1077-1087, 2001. 

[8] B. Karrer and M. E. J. Newman, "Stochastic block-
models and community structure in networks," Physical 
Review E Statistical, Nonlinear, and Soft Matter 
Physics, vol. 83, no. 1, p. 016107, 2011. 

 

Fig. 3. Visualization of the generated networks for FB benchmark. 



Journal of Multimedia Information System VOL. 12, NO. 3, September 2025 (pp. 71-80): ISSN 2383-7632 (Online) 
https://doi.org/10.33851/JMIS.2025.12.3.71 

79                                                 

 

[9] M. E. J. Newman and C. Aaron, "Structure and 
inference in annotated networks," Nature Communica-
tions, vol. 7, no. 1, p. 11863, 2016. 

[10] A. L. Barabási and A. Réka, "Emergence of scaling in 
random networks," Science 286.5439, pp. 509-512, 
1999. 

[11] S. N. Dorogovtsev and J. F. F. Mendes, "Evolution of 
networks", Advances in Physics, vol. 51, no. 4, pp. 
1079-1187, 2002. 

[12] E. M. Airoldi, D. M. Blei, S. E. Fienberg, and E. P. 
Xing, "Mixed membership stochastic blockmodels," 
Advances in Neural Information Processing Systems, 
vol. 21, 2008. 

[13] T. P. Peixoto, "Hierarchical block structures and high-
resolution model selection in large networks, "Physical 
Review X, vol. 4, no. 1, p. 011047, 2014. 

[14] P. K. Gopalan, D. Mimno, S. M. Gerrish, M. J. 
Freedman, and D. M. Blei, "Scalable inference of 
overlapping communities," Advances in Neural Infor-
mation Processing Systems, vol. 25, 2012. 

[15] C. Lee and D. J. Wilkinson, "A review of stochastic 
block models and extensions for graph clustering," 
Applied Network Science, vol. 4, no. 1, pp. 1-50, 2019. 

[16] A. Cerqueira, S. Gallo, F. Leonardi, and C. Vera, 
"Consistent model selection for the degree corrected 
stochastic blockmodel," arXiv Preprint arXiv, vol. 
2302, p. 03734, 2023. 

[17] T. Yang, Y. Chi, S. Zhu, Y. Gong, and R. Jin, "Detecting 
communities and their evolutions in dynamic social 
networks a Bayesian approach," Machine Learning, 
vol. 82, pp. 157-189, 2011. 

[18] K. S. Xu and A. O. Hero, "Dynamic stochastic 
blockmodels for time-evolving social networks," 
IEEE Journal of Selected Topics in Signal Processing, 
vol. 8, no. 4, pp. 552-562, 2014. 

[19] T. S. Cho and H. Y. Shih, "Patent citation network 
analysis of core and emerging technologies in Taiwan: 

1997–2008," Scientometrics, vol. 89, no. 3, pp. 795-
811, 2011. 

[20] A. Hagberg, P. J. Swart, and D. A. Schult, Exploring 
network structure, dynamics, and function using 
NetworkX. Los Alamos National Laboratory (LANL), 
Los Alamos, NM (United States), no. LA-UR-08-
05495; LA-UR-08-5495, 2008. 

[21] M. Kuperman and G. Abramson, "Small world effect 
in an epidemiological model," Physical Review 
Letters, vol. 86, no. 13, p. 2909, 2001. 

[22] J. Leskovec and R. Sosič, "Snap: A general-purpose 
network analysis and graph-mining library," ACM 
Transactions on Intelligent Systems and Technology 
(TIST), vol. 8, no. 1, pp. 1-20, 2016. 

[23] P. Erdős and A. Rényi "On the strength of connect-
edness of a random graph," Acta Mathematica 
Hungarica, vol. 12, no. 1, pp. 261-267, 1961. 

[24] A. L. Barabási and R. Albert, "Emergence of scaling 
in random networks," Science, vol. 286, no. 5439, pp. 
509-512, 1999. 

[25] M. E. J. Newman, "The structure and function of 
complex networks," SIAM Review, vol. 45. no. 2, pp. 
167-256, 2003. 

[26] D. J. Watts, "A simple model of global cascades on 
random networks," in Proceedings of the National 
Academy of Sciences, New York, NY, Apr. 2002. 

[27] G. Poux-Médard, J. Velcin, and S. Loudcher, "Dy-
namic mixed membership stochastic block model for 
weighted labeled networks," in Proceedings of the 
46th International ACM SIGIR Conference on 
Research and Development in Information Retrieval, 
Taipei Taiwan, July. 2023. 

[28] D. A. Bader and K. Madduri, "Parallel algorithms for 
evaluating centrality indices in real-world networks," 
in 2006 International Conference on Parallel Pro-
cessing (ICPP'06), IEEE, 2006.

 
 
  



A Growing Stochastic Block Model with Preferential Attachment 

80 

 

AUTHORS  

Gantulga Gombojav obtained B.S. 
computer science and M.S. Infor-
mation technology from University of 
Madras, India and National Univer-
sity of Mongolia respectively in 2012 
and 2016. He has been teaching 
algorithmic courses in National .y of 
Mongolia since 2016. Currently, he is 

a Ph.D. student at the Unversity of Mongolia. His research 
interests include network analysis and algorithm design. 
 
 
 

Dorjnamjirmaa Badraa obtained 
M.S. Information technology from 
National University of Mongolia. 
He has been teaching algorithmic 
courses, programming language and 
mobile programming at National 
University of Mongolia. His re-
search interests include natural 

language processing and network analysis.  
 
 
 

Dalaijargal Purevsuren received his 
Ph.D. in Computer Science from 
Harbin Institute of Technology, China. 
His research interests include random-
ized algorithms, network analysis, and 
data mining. 
 
 

 


