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Abstract

Understanding opinion evolution in complex social networks
is crucial for modeling social influence and predicting col-
lective behavior. Yet, most models overlook how commu-
nity structures shape opinion updates, often assuming ho-
mogeneous influence. This abstraction neglects individuals’
stronger responsiveness to intra-community peers—an em-
pirically observed driver of localized consensus and inter-
group polarization. We propose GCAOFP, a co-evolutionary
framework that jointly models opinion dynamics and com-
munity formation as an integrated process. In GCAOFP,
agents strategically alternate between two coupled modules:
(1) a Community Dynamics Module, where agents play a
non-cooperative game to optimize community memberships
based on opinion alignment and structural cohesion; and (2)
an Opinion Adjustment Module, where agents revise opin-
ions via a bounded-confidence mechanism modulated by
community-induced influence weights. This dual-stage pro-
cess captures the feedback loop between structure and opin-
ion. We prove that GCAOFP converges to stable equilibria,
ensuring intra-community consensus and inter-community
diversity—dynamics that standard models fail to replicate.
Experiments on real-world networks show that GCAOFP
better reproduces localized opinion clusters, while offering
strong scalability and interpretability, illuminating the strate-
gic foundations of polarization.

Datasets & Code & Extended version —
https://github.com/ZINUX1998/GCAOFP-CODE

Introduction

Opinion dynamics in social networks lies at the intersec-
tion of sociology, computer science, and systems engineer-
ing, aiming to understand how individual beliefs evolve
through decentralized, interpersonal influence (Shi, Altafini,
and Baras 2019; Peralta et al. 2021; Aghbolagh et al. 2023;
Xu et al. 2025a). A core challenge is to model how local
agent interactions yield emergent global phenomena such
as consensus, polarization, and fragmentation (Dong et al.
2018; Zhang et al. 2020; Xu et al. 2025b).

Agent-based models flexibly capture localized opinion
updates and their systemic consequences (Li et al. 2020;
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Bindel, Kleinberg, and Oren 2015; Zhou et al. 2020; Hunter
and Zaman 2022). Agents iteratively update their opinions
by aggregating neighbor signals, reflecting the decentral-
ized and recursive nature of social influence (Olfati-Saber,
Fax, and Murray 2007; Hassani et al. 2022; Dong, Zhang,
and Kong 2024). Classical formulations such as the De-
Groot model (Degroot 2020) assume that repeated aver-
aging over social links drives global consensus (Olfati-
Saber and Murray 2004; Carli et al. 2010). However,
real-world opinion landscapes often exhibit persistent dis-
agreement and fragmentation, revealing the limitations of
consensus-driven approaches. Bounded-confidence models,
e.g., Hegselmann—Krause (HK) (Hegselmann and Krause
2002), restrict influence to peers with similar views, produc-
ing outcomes from consensus to fragmentation controlled by
a confidence bound (Battiston et al. 2010).

Despite progress, most opinion dynamics models assume
uniform influence or ignore latent community structures,
hindering reproduction of empirical opinion clusters at the
meso scale. In practice, opinion formation exhibits locality,
as individuals are more influenced by peers within the same
community due to stronger ties (Wu and Huberman 2004;
Sunstein 2006). Xing et al. (Xing et al. 2022) report strong
alignment between opinion clusters and community modu-
larity, highlighting the role of meso-scale structures. Classi-
cal models focus on local averaging, overlooking mesoscale
topologies mediating cross-community influence (Ifiguez
et al. 2009). Recent studies emphasize that modular struc-
tures and sparse inter-community bridges shape global opin-
ion patterns (Arruda et al. 2022; Anagnostopoulos et al.
2022; Ding et al. 2024). Few models jointly capture strate-
gic behavior and opinion-community co-evolution, leaving
a gap in modeling how individual incentives and structural
adaptations shape collective opinion landscapes.

To bridge this gap, we introduce GCAOFP—a Game
Theory-Based Community-Aware Opinion Formation
Process—that integrates community-sensitive utility op-
timization into individual opinion updates. Unlike prior
approaches that either assume fixed community partitions
or exploit opinions merely for community inference (He
et al. 2020; Ren et al. 2022), GCAOFP jointly models
the co-evolution of opinions and latent community affil-
iations under a fixed interaction topology. Agents assign
higher weights to intra-community opinions and iteratively



adjust their affiliations according to opinion similarity,
forming a bi-level feedback loop formalized as a potential
game. The mechanism embeds the bounded-confidence
principle (Bernardo et al. 2024), limiting interactions to
opinion-similar neighbors and reflecting cognitive con-
straints such as limited attention and selective exposure.
This framework offers a controlled and interpretable setting
to analyze micro-level opinion clustering and is particu-
larly suited for environments where relational structures
remain stable while ideological landscapes evolve, such as
online forums, political subgroups, and long-lived digital
communities. The main contributions are:

(1) Community Susceptibility Metric: We propose a
novel metric measuring structural asymmetries in social in-
fluence, reflecting stronger intra-community trust.

(2) Game-Theoretic Framework with Bounded Confi-
dence: Co-evolving opinions and communities are mod-
eled as a non-cooperative game, with updates restricted to
bounded confidence neighborhoods.

(3) Efficient and Provably Convergent Algorithm: A
linear-time algorithm is proposed, with theoretical conver-
gence guarantees for opinions and community assignments.

(4) Comprehensive Empirical Validation: Experiments
on multiple real-world networks demonstrate that GCAOFP
outperforms state-of-the-art baselines in community detec-
tion and opinion clustering.

Methodology

We consider opinion dynamics over a directed social net-
work N/ = {1,2,...,n}, where influence asymmetry is
captured by a non-negative matrix W € R™ ™. Each
entry W,; represents agent 4’s confidence in agent j’s
opinion, with no self-loops (W;; = 0), and the induced
graph is assumed strongly connected (i.e., W is irre-
ducible). At any time 7' € R, the opinion profile is de-
noted as x (T') € [0,1]", where x; (T)) is agent i’s be-
lief. Community structure is encoded by a binary matrix
S(T) € {0,1}"*" under single-membership constraint:
Vi € N, Zkl,(zlsik (T') = 1. The row vector s; (T') indicates
agent i’s membership, with s; (T') s| (T') = 1 if agents i and
7 belong to the same community. To reflect intra-community
affinity, we define a diagonal trust amplification matrix
A = diag (M, A2, ..., An), where \; € (1,+00) quanti-
fies agent ¢’s increased trust in same-community neighbors
(inter-community trust is normalized to 1). Standard nota-
tion applies: 1,, is the all-one column vector, 1" = lnll,
and ¢r(-) denotes the trace operator.

GCAOFP iteratively updates agent opinions and commu-
nity affiliations. Agents play a non-cooperative game op-
timizing community membership and aligning individual
incentives with collective cohesion. Concurrently, opinion
evolution follows a bounded-confidence rule, limiting inter-
actions to cognitively plausible intra-group neighbors. This
coupled process captures the reciprocal dynamics of belief
revision and structural adaptation, explaining emergent phe-
nomena such as polarization and fragmentation. See Ap-
pendix A for game-theoretic analysis and Appendix B for
algorithmic details and convergence guarantees.
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Community Dynamics Process

During community updates, each agent strategically selects
a community label in a non-cooperative game, aiming to
maximize opinion similarity with neighbors and promote
partitions exhibiting high intra-community coherence.

Definition 1. [Community Dynamics Process (CDP)]
Given the agents set N, opinion vector x (T, influence
matrix W and relative trust matrix A, the Community
Dynamics Process is defined as the tuple, denoted as
Q(t,S(t),0(:)), where

*t=0,1,2,--- denotes the discrete time step;

* S (t) € {0,1}"" is the community membership matrix
at time t, with initial membership S (0) = s (T).

* U (+) is the community update function that determines
S (t + 1) based on current opinions and memberships.

At each period t, agent ¢ maximizes a utility function
u;(t) defined as follows, reflecting key behavioral princi-
ples: (1) Opinion alignment: Preference for neighbors with
similar opinions, quantified by |x;(t) —x;()|; (2) Commu-
nity trust bias: Stronger weighting of intra-community ties
via A;; (3) Bounded confidence: Interactions only consid-
ered when opinion differences are below cognitive threshold
1; (4) Intra-community coherence: Penalty for opinion di-
vergence within same community captured by w;1(t); (5)
Cross-community interaction: Selective inter-community
influence modeled by wu;5(t), activated when opinions align
sufficiently (ReLU threshold).

un(t) =X\ »_Si(t)S] (t)

= [xi(t) = x; ()] - Wiy

J#i
uin(t) =Y (1= Si(0)S] (1)) - E[ — xi(t) —x;(1)]]
J#i
W,
1
Let D (T) € [0,1]""" denotes the pairwise bounded con-
fidence matrix, where D;; (T) = ¢ — |x; (T) — %, (T)|.

E(-) denotes the ReLU function. This encodes opinion
proximity subject to a cognitive threshold 4. The utility ma-
trix across all agents at time ¢ is then defined as:

U(t)
=AS)ST(t) ©D(T) & W
+ (1" =S()ST(t) ©E(D(T)) © W
=B(T)OW +S(t)ST(t) ® (AD(T) —B(T)) © W
2
where D(T) = U — E(T), ¥ = 41", E(T) =

—_
— =
= 4

|x (7)1} — 1,x" (T)|, B(T) (D (T)) and ® denotes
element-wise multiplication. The system-level objective is
to maximize social welfare, the aggregate utility:

= Z u;(t) = Z Uj;(t)

= {ST() [(AD(T) - B(T)) © W] S(t) }
+tr (WB(T)).

3)



The first trace term reflects the influence of commu-
nity assignments S(¢) on intra-community coherence un-
der asymmetric trust, while the second term captures
exogenous consensus benefits independent of S(t). As
(AD(T)—B(T)) ® W s constant during updates, the
CDP optimization problem reduces to maximizing a
quadratic form in S(t). This quantity serves as a Community
Susceptibility Metric, capturing structurally induced asym-
metries in trust that reflect individuals’ stronger reliance on
intra-community neighbors.

Problem 1. [Community Detection for Social Welfare
Maximization (CDSWM)] Given influence matrix W, di-
agonal matrix A and opinion vector x(T), the goal of
CDSWM is to determine an optimal binary community
membership matrix S* € {0, 1}"XK that maximizes the so-
cial welfare, such that fort = 0,1,2,... and VS] 1 =
1,ieN:

ir{ (s [(AD(T) ~ B(T))© W|S" |
> tr{S(t)" [(AD(T) — B(T)) ® W]S(t) }
Lemma 1. The solution of CDSWM is equal

to finding the community structure that maxi-
mizes tr (ST (t)Y (T)S(t)), where Y (T) =

“

(AD(T)-B(T)) ©W + (DT (T)A-B" (T)) ® WT
with each entry Y”(T) = ()\lD”(T) — B”(T))W” +
(ADji(T) = Byi(T)) Wi = Y5u(T)

In this context, we can define the following non-
cooperative game to find an optimal solution to CDSWM:

Definition 2. [Dynamics Game for Social Welfare Max-
imization (DGSWM).] The DGSWM is defined as a non-
cooperative game I1(t) = (S(t),u* (), T (S(t))) with
agents are assumed to operate on the principle of utility
maximization, where
*S(t) = {S1(t),S2(t),...,Sn (t)} is the combination
of agents’ strategies, where S; (t) is the finite set of com-
munity labels that agent i can choose from, defined as

Si(t) =87 () U{S: (1)} S
81 (1) = {eliy s Wiy + Wi > 0,85 (1) = f) | ®

* X (S(t)): Sy xSy x - xS, = Risused to calculate
the modified utility associated with agents under a given
community structure, where the utility of any agent i is

=Y Si(t)s] ()Y (t) (6)

J#i
To speed up the update process, we only consider
that S; (t) € &;(t) because Ve(Tﬂ) ¢ S (t) =

Uf([ €(x) Sf}) ZjeIi ( (w)SgY (t )) =0
where I; = {j | W;; + W,; > 0}.

* T(S(t)) : S — S is the transition function that returns
the next stage of each agent’s community label based on
the utility calculated by the current community structure.
For any agent 1,

Si(t+1)=T;(S(t)) = argmaz u; (S;,S_;(t))
SrESi(t)
(N
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Theorem 1. The DGSWM introduced admits a pure Nash

equilibrium (Nash 1951) since there exists a potential

functwn o* satzsfymg ¢* ([S5,S_i]) — ¢* ([Si,S=:)) =
uf ([S],S—i]) — ([SZ,S,Z]) where

_ 1 T _ 1 T _ T
— §Zsisj Yi; = 5tr(STYS) = r(STZ8),

®)
To analyze equilibrium convergence, we formulate the
CDP as a sequential best-response process (Bu et al. 2018),
where each agent iteratively updates its community affilia-
tion to maximize individual utility, assuming others remain
fixed. At each step, arandomly selected agent i € N updates
its strategy via the transition function I'; (S (¢)), yielding
its best response under the current state S (¢). The process
reaches a pure-strategy equilibrium when no agent changes
strategy in a complete round. This decentralized mechanism
ensures scalable, incentive-compatible community forma-
tion without centralized coordination or global knowledge.

Theorem 2. Given any community member matrix s (T')
at the initial moment, CDP can ultimately find a stable
community membership matrix s (T + 1), which is a pure
Nash equilibrium w.r.t. DGSWM, and is also the solution of
CDSWM.

Theorem 3. Given that there are M directed connections
among agents, from arbitrary initial opinion vector x (T')
and community membership matrix s (T'), the time complex-
ity of CDP is upper-bounded by O (tEmpM ) where tFPoP
is the expected number of iterations required by the best-
response dynamics fo reach the termination condition.

Opinion Formation Process

Opinion updates follow community revisions, reflecting
a coupled dynamic where agents balance opinion differ-
ences and community ties. Agents assign greater trust to
intra-community peers while excluding neighbors beyond a
bounded-confidence threshold. Formally, the opinion update
mechanism is defined as follows:

Definition 3. [Community-Aware Opinion Formation Pro-
cess (CAOFP)] Each agent revises its opinion by aggregat-
ing information from trusted neighbors, according to the fol-

lowing dynamiCS'
x; (T +1) =6 ( T)+Y (1) % (T), (o
J#i

where the opinion weight ®,; (T') that agent i assigns to j
at time T can be defined as

®;(T) =
Aisi(T )S;F(T)ww + [1 —s:;(T)s jT(T)] wij
Ai 222 8i(T)s] (Twij + 3, [1 = si(T)s] (T)] wij
[ + (N —1)s (T)sjT T)] wij

—1)si(T)s](T)] wij + 1

JeENT
s.t, wi; =Wy -2 [57T — [%:(T) — x;(T)|]

EDYPRIENCY

(10)



NI = {jljeN; A% (T)—x;(T)| < BT} denotes
the set of the trusted neighbors of user ¢ at time 7. 3 €
(0,1),~ € (0,1) are the tuning parameters for the size of
MT. Obviously, as the number of iterations increases, the
agents’ opinions will gradually be consolidated and their
confidence level will continue to decrease. The opinion
weight matrix during time 7', denoted by ® (T'), can be writ-
ten as

P(T)=0(T) 0O (T)1"+1"], (11)
o) =[1"+A-D)1"s(T)s"(T)] © W
® = (By 1" — E(T))

where I = diag(1,1,...,1) € R™ ™ denotes the iden-
tity matrix, @ means element-wise divide, i.e., ®;; (T) =
0 (T) =+ (Zj# 0;; (T)+ 1). During every time T, each
agent ¢ is also associated with a intrinsic confidence level,
denoted by §; (T'), which is defined as

12)

0;(T) = %7 where
A=Y [+ - Dsi(Ds](T)] - Wy (13)
Jj#i

2By~ xi(T) - x;(T)[] +1

Therefore, the opinion update rule Eq. (9) can be written in
matrix form as

x(T+1) =100 (1)1, +1,]ox(T)+(T)x(T)

(14)
Lemma 2. x (T + 1) must be in the interval of [0, 1], as
Vie N, 6; (T)+ >, @i (T) =1

Remark 1. GCAOFP integrates community-aware mecha-
nisms into the opinion update process, enabling joint mod-
eling of community formation and opinion evolution. Lever-
aging the bottom-up architecture of CDP, it uncovers latent
community structures in a self-organizing manner—without
prior knowledge such as the number of communities—while
simultaneously simulating localized opinion dynamics.

Theorem 4. If the opinion dynamics follows the function in
Eq. (9), for every user i and every time T' > 0, we have

Ix; (T +1) —x; (T)| < By" (15)

Therefore, we claim that every agents ¢’s opinion vector
will converge to a relatively stable state in finite periods 7™,
such that Vi € N, |x; (T*) — x; (T* — 1)| < ¢, where € is
some very small positive threshold.

Theorem 5. From any arbitrary initial distribution of opin-
ions x (0) and any arbitrary initial community membership
matrix s (0), the CDP introduced in Definition 1 will con-
verge to the equilibrium state where the community mem-
bership matrix keeps unchanged.

Theorem 6. Given that there are M directed connec-
tions among agents, from arbitrary initial opinion vector
x (0) and community membership matrix s (0), the time
complexity of GCAOFP introduced is upper-bounded by
O (tE”’pM ) (Detailed experimental validation is provided
in the Appendix C.1).
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Comparative Discussion

LPA-HK (Peng, Zhao, and Hu 2023) updates community la-
bels by considering both network topology and agent opin-
ions. It assigns higher influence weights to neighbors whose
opinions fall within a bounded confidence threshold 1. The
corresponding utility function is defined as:

u(T) = si(T) (s5(1) " e (v — |xi(T) — x3(T)])
JFi
. (1 — ’XZ(T) - X;(T)D W”

(16)
Can be implemented in a simpler way:

wi(T) =3 si(T) (55(T) 2 (v = [i(T) = x5 (T)]) Wi
i (17)
where ¢ (z) = (1)’ z; i z 8, si(T) = s;(T) and

x*
J
already been updated, otherwise s

*

(T) = x; (T) if the opinion and label of agent j have
“(T) = s (T'—1) and
x; (T) = x; (T — 1). However, Eq.17 exclusively accounts
for neighbors within the confidence bound, which can result
in undue dominance by the closest opinion neighbor. As il-
lustrated in Fig.1 (Left), with ¢ = 0.4, agent i favors the left
community driven by a single nearby neighbor, despite the
majority lying outside the confidence threshold. In contrast,
the utility function proposed in Eq. 1 introduces penalties for
intra-community neighbors whose opinions exceed the con-
fidence bound, mitigating this bias. For the same scenario,
agent ¢ prefers the right community with a utility of 0.60
versus -0.4 for the left (with A = 1.5), effectively correcting
the misleading aggregation under local confidence.
Moreover, Eq.1 explicitly models inter-community in-
fluence, ensuring agents with divergent views are less
likely to be clustered together. As shown in Fig.1 (Right),
while intra-community utilities A; Y., S; (t) S (t) -
[ — |x; (T) —x; (T)|] - W,; are zero for both communi-
ties, the inter-community utility Y-, (1 —S; (t) ST (1)) -
[V — |x; (T') — x; (T')|] - W, favors the right community
(0.3 > 0.2), leading to more semantically coherent par-
titions. Overall, GCAOFP achieves finer-grained commu-
nity separation by jointly modeling agreement and disagree-
ment across and within communities—capabilities lack-
ing in LPA-HK—resulting in clusters with higher intra-
community opinion cohesion.

—_
—
—

Experiments

In this section, we will conduct comprehensive experiments
using real-world networks to verify the effectiveness, scala-
bility and parameter sensitivity of GCAOFP.

Experiment Setup

Comparison Methods We compare GCAOFP against
representative opinion dynamics models grouped as follows:
classical methods ignoring community structure—DeGroot,
Friedkin-Johnsen (FJ) (Friedkin and Johnsen 2010),
DeGroot-Friedkin (DF) (Jia et al. 2015), and HK; and recent



User j’s view matters, but the
Users 1 and 2 divergence pulls me
to the right-side community.

I favor peers with similar views
while avoiding communities with
strongly divergent opinions.

N 2 O User 5. 3
ey %, S o> )' U“”» 25 9 ‘< ¥ users
Y, 0.1~ 04 V] Y 0.1 3/

1] 1]
e gf\)u_ 23" fusery  User] o/, %
User 2/f ser P User 3 User 2)f My JUETE

» Attraction to joining - Resistance to joining

Figure 1: Left: Strategy selection contrast between
GCAOFP and LPA-HK. Right: Motivation for includ-
ing inter-community neighbor influence in Eq. (1). Edge
weights are uniform, E;; values for agent ¢ are shown, and
node colors denote communities.

co-evolutionary approaches—GK-Means (Bu et al. 2020)
and LPA-HK, which jointly update opinions and community
labels. In addition, we consider the Coevolutionary Model
(CEM) (Aghbolagh et al. 2023), a game-theoretic frame-
work where agents simultaneously update actions and opin-
ions across influence and communication layers, with guar-
anteed convergence to Nash equilibria. Details on repeata-
bility are provided in Appendix C.2.

Network Datasets We conducted case studies on eight
real-world networks listed in Table 1. Preprocessing in-
volved removing self-loops and extracting the largest
strongly connected components. All datasets are publicly ac-
cessible, and the processed versions are provided.

Evaluation Metrics We define three metrics to assess the
effectiveness of GCAOFP. OSWG measures the overall gain
in social welfare from initial to steady state. RCSW quan-
tify the final consensus level. ACL captures intra-community
agreement at convergence. These metrics jointly capture
global welfare gains and local consensus. (Computational
details are provided in Appendix C.3)

_ sw(T™) — sw(0) _sw(T™)
OSWG = N RCSW = W
1—|bxi —cill
ACL_kZCLk kZZ e
k 1€Cy
(18)

where W = 37, > ", Wij, C indicates the k-th com-
munity in the equilibrium state and ¢ = 77 X ;cc, X; de-
notes the average opinion of all members within Cy,.

Experimental Results

Effectiveness Analysis We evaluate the effectiveness of
GCAOFP on multiple real-world and synthetic networks,
each initialized with 100 randomized opinion vectors and
community assignments. As shown in Fig.2, our method
consistently achieves significant improvements in overall so-
cial welfare—measured via OSWG—across diverse initial
conditions. Interestingly, we observe that denser networks
exhibit markedly lower variance in outcomes. This stabiliza-
tion arises from higher average degrees (d), which promote
richer opinion exchange and enhance alignment robustness.
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Network D W #Nodes #Edges (d) #GT
Karate X X 34 78 4.59 2
Dolphins X X 62 159 5.13 2
PolBooks X X 105 441 8.40 3
PolBlogs v X 793 15,783 1990 2
BitAlpha v v 3,235 23299 7.20 X
BitOTC v v 4,09 33461 7.11 X
GRQC X X 4,158 13425 6.58 X
HEPH X X 8,638 24806 5.74 X

Table 1: Statistics of real-world networks. (D: Directed, W:
Weighted, #GT: Ground-Truth community numbers)

0325
. . ‘
0.300 T T < =t +
< e ol ~+
= T !
8 0.275 : !
0.250 !
© O T L e
\QM" o o\Q\\‘ go\\,oo QO\VW Q,‘P'\Q ?5“0« C,Q~Q ‘63

Figure 2: Boxplots of OSWG from 100 runs of GCAOFP on
real-world networks (A = 1.4, ¢ = 0.4).

The resulting convergence is less sensitive to initial config-
urations, a phenomenon further validated in Appendix C.4
through controlled synthetic experiments that isolate the ef-
fect of network density.

We evaluate dynamic opinion models on the Karate and
PolBooks networks, focusing on convergence behavior and
the quality of induced community structures. Fig. 3, 4 and
5 show representative opinion trajectories and correspond-
ing ACL dynamics. (1) Fast Convergence. GCAOFP ex-
hibits rapid convergence comparable to baseline methods.
Except for FJ, most models drive global consensus with
ACL values approaching 1, indicating high alignment of
individual opinions. (2) Community-Aware Equilibrium.
Unlike models enforcing global uniformity, GCAOFP facil-
itates localized convergence: agents within the same com-
munity reach consensus, while opinions diverge across com-
munities. This results in interpretable steady states closely
reflecting known social partitions, as observed in the Karate
network (Fig. 7 and 8). (3) Instability of GK-Means. The
susceptibility parameter A critically affects GK-Means per-
formance. On Karate, a high A = 0.9 fosters strong intra-
group cohesion but weakens inter-group separation, blur-
ring boundaries. Conversely, on PolBooks, a lower A = 0.4
improves partition accuracy but reduces intra-community
agreement, lowering ACL scores. (Appendix C.5) (4) Polar-
ization Threshold Effects in LPA-HK. The bounded confi-
dence parameter § significantly shapes opinion dynamics.
Increasing § leads the system from pluralism to polariza-
tion, and eventually to global consensus. At § = 0.95, both
networks converge to uniform opinions but fail to recover
meaningful community structures (Appendix C.5), demon-
strating a trade-off between consensus and community fi-
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Figure 3: Opinion dynamics on Karate and PolBooks, with
curve colors indicating agent community labels per model.
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Figure 4: Dynamics of ACL for different opinion dynamics
models on Karate and PolBooks.

delity. (5) Opinion Polarization in CEM. The coevolution-
ary framework explicitly partitions the network into two
opposing groups, without enforcing consensus. Under this
model, opinions progressively polarize toward two extremes
(+1 and —1). In contrast to other methods, the ACL steadily
decreases over time, reflecting the emergence of strong opin-
ion polarization.

Utility-Driven Structural Adaptation. While GK-
Means and LPA-HK promote intra-community agreement,
their reliance on static or heuristic rules often leads to
suboptimal partitions. In contrast, GCAOFP tightly inte-
grates opinion dynamics with community evolution via a
welfare-guided update mechanism, where DZT;(T) denotes

D;;(T) > 0, D;(T) denotes D;;(T') < 0:

Yo (T) = [N = 1) Wi + (A = 1) W3] Dy (T), D5(T)
(AiWij + A W,i) D (T), D (T)

19)
The interaction score Y;; (1) increases with opinion dis-
tance D;; (T"), modulated by susceptibility weights. Agents
iteratively reassign community labels to maximize local util-
ity (Eq. 6), reinforcing intra-community cohesion. This co-
evolution yields stable, utility-consistent partitions robust to
initialization and aligned with social semantics.

Parameter Analysis The parameter A\ quantifies agents’
sensitivity to community identity, with higher values accel-
erating intra-community opinion convergence and produc-
ing finer-grained community partitions. Conversely, the pa-
rameter 1), analogous to the confidence threshold p in the
HK model, regulates the acceptance range for neighbors’
opinions. Larger values increase opinion receptivity, thereby
promoting global consensus and resulting in fewer, larger
communities. We systematically evaluate the effects of A

Karate Karate-ACL 1 Polbooks Polbooks-ACL
0.6 0.50
0=
0 ‘\ |
ko 0.4 0.25
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Figure 5: Opinion trajectories and ACL evolution of CEM.
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Figure 6: Boxplots of RCSW (100 runs) of GCAOFP on
Karate under varying A and .

and ¢ on the Karate and PolBooks networks, conducting
100 random initializations for each setting. As illustrated
in Fig. 6, at fixed v, lower A leads to higher overall so-
cial welfare (RCSW) and reduced variance across runs, in-
dicating stronger global consensus and coarser community
structures. Increasing )\ reverses these trends, fostering opin-
ion fragmentation and yielding finer community partitions.
At fixed ), increasing 1 similarly enhances RCSW and de-
creases variance, reflecting improved opinion coherence and
reduced fragmentation. Notably, when A is high, appropriate
tuning of ¢ enables GCAOFP to strike a balance between lo-
calized convergence and effective community detection. Ad-
ditional sensitivity analyses are presented in Appendix C.6.

Community detection We evaluate GCAOFP with
opinion- or community-based initialization (GCAOFP-O
and GCAOFP-C) on four benchmark networks, com-
pared with LPA (Raghavan, Albert, and Kumara 2007),
k-cliqgue (Palla et al. 2005), GLEAM (Bu et al. 2018),
GK-Means, LPA-HK. Performance is measured by Adjusted
Rand Index (ARI) (Hubert and Arabie 1985) and Adjusted
Mutual Information (AMI) (Vinh, Epps, and Bailey 2010),
averaged over 100 randomized runs. Fig. 7 highlights five
key findings: 1) Opinion-aware models match or outperform
structure-only baselines; 2) With well-informed opinion
vectors, GCAOFP achieves the most accurate recovery of
ground-truth communities; 3) Performance depends on ini-
tialization, highlighting the need for effective strategies; 4)
Sensitivity to opinion initialization decreases with network
size, indicating robustness; 5) GCAOFP is more robust to
community than opinion initialization, showing opinion ini-
tialization dominates convergence; Appendix C.7 examines
GCAOFP’s sensitivity to A, 1, and initialization.

We visualize community detection results on the Karate
and PolBooks networks (Fig. 8), where node size en-
codes final opinions, color denotes detected communi-
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Figure 7: Performance comparison on real-world networks
with ground-truth communities, averaged over 100 runs.
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Figure 8: Community detection results on Karate network.
Complete visualizations with full details, as well as results
for PolBooks, are provided in Appendix C.8.

ties, and edge thickness represents influence. Ground-
truth plots color nodes by their true community labels
for comparison. On Karate, GCAOFP perfectly recovers
ground-truth communities (ARI/AMI = 1.0), outperform-
ing GK-Means (0.772/0.727) and LPA-HK (0.324/0.403).
On PolBooks, GCAOFP misclassifies 12 nodes (ARI/AMI =
0.727/0.637), fewer than GK-Means (16) and LPA-HK (21),
with errors concentrated in a sparse cluster that weakens
intra-community influence. These results demonstrate that
GCAOFP achieves more accurate and interpretable commu-
nity separation, particularly in densely connected regions.

Sensitivity to Deviations from Rationality. To assess ro-
bustness under bounded rationality, we introduce a stochas-
ticity parameter ¢ € [0,0.09]. At each iteration, agent ¢ fol-
lows the best response (Eq. 7) with probability 1 —¢ and ran-
domly samples from its candidate set S; (¢) with probability
¢, injecting controlled noise into the dynamics. As shown
in Fig. 9, the impact of stochasticity varies across networks.
On Karate and PolBooks, clustering performance degrades
monotonically as ¢ increases, indicating that even mild de-
viations from rational updates can disrupt coherent commu-
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Figure 9: Impact of stochastic community reassighment un-
der varying bounded rationality; 100 runs per parameter.
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Figure 10: Opinion dynamics on the Blogs dataset.

nity formation. In contrast, Dolphins exhibits a slight im-
provement under small stochasticity before deteriorating at
larger . This contrast reflects fundamental differences be-
tween human and animal social networks. Stochastic devia-
tions disrupt fragile, identity-driven community boundaries
in human networks, whereas mild randomness can help re-
fine behaviorally grounded modularity in animal networks.

Evaluation on Real-World Opinion Data. We evaluate
GCAOFP on the 2005 Blogs (Matakos, Terzi, and Tsaparas
2017) network of U.S. political weblogs labeled as Lib-
eral or Conservative. After converting to an undirected form
and retaining the largest connected component, the network
comprises two communities (636 and 586 nodes) connected
by 33,431 edges. Fig. 10(a) visualizes the real opinion
distribution using color-coded labels (red: Liberal, green:
Conservative). We initialize opinions and community la-
bels randomly based on the network topology (Fig. 10(c)),
producing a highly disordered initial state. The predicted
opinion states (Fig. 10(b)) exhibit clear opinion polariza-
tion, with strong alignment to ground-truth labels (ARI/AMI
= 0.8071/0.7132). Moreover, final opinions exhibit strong
intra-community coherence and distinct stratification, with
red-community nodes showing stronger Liberal tenden-
cies—highlighting GCAOFP’s capacity to capture realistic
opinion polarization.

Conclusion

We propose GCAOFP, a game-theoretic opinion dynamics
model integrating bounded confidence with strategic com-
munity selection. We introduce Community Susceptibility
to quantify asymmetric influence and design a scalable al-
gorithm with provable convergence. Extensive experiments
validate that GCAOFP effectively captures localized con-
sensus and uncovers latent community structures.
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