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A B S T R A C T

The Influence Maximisation (IM) problem seeks to select a set of seed nodes to maximise information diffusion
in a network. While existing approaches have achieved significant improvements in overall diffusion, they
often overlook fairness across communities, which can result in biased dissemination and the exclusion of
disadvantaged groups. To address this, we define the Fair Multi-objective Influence Maximisation (FMOIM)
problem, which jointly optimises influence spread and equity fairness. Equity Fairness is modelled at the
community level as the alignment between the realised diffusion-benefit distribution and a desired reference
allocation. Jensen–Shannon divergence (JSD) similarity quantifies distributional deviation from the reference
allocation, while Jain’s fairness index characterises the evenness of benefit allocation across communities.
To solve FMOIM, FairWolf is proposed as a problem-driven discrete multi-objective optimisation model for
fairness-aware influence maximisation. It reformulates the Grey Wolf Optimiser dynamics to search directly
over fixed-budget seed sets under community-level fairness objectives, capturing the spread and fairness
trade-off. FairWolf incorporates three components: (i) a discrete position-updating mechanism tailored to
seed-set construction, (ii) an Explorer-Augmented Leader Selection strategy that enhances population diversity
while maintaining convergence pressure, and (iii) a Hypervolume (HV)-triggered perturbation mechanism that
adaptively mitigates stagnation in non-convex multi-objective search spaces. Experiments on eight real-world
networks demonstrate that the FairWolf model consistently outperforms state-of-the-art baselines, yielding a
higher HV value and more uniformly distributed Pareto fronts. These results demonstrate its effectiveness and
practicality for fairness-aware diffusion in applications such as viral marketing, public health, and resource
allocation.
1. Introduction

The growing role of social networks has transformed the way in-
formation spreads across society. Platforms such as X,1 Facebook,2
and WeChat3 enable information to reach millions of users almost
instantaneously, reshaping the dynamics of communication and inter-
action. Influence Maximisation (IM), which focuses on selecting a set
of seed nodes to maximise information diffusion, has therefore become
a fundamental research problem with broad applications in domains
such as viral marketing [1], public health campaigns [2], political
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communication [3], and social recommendation systems [4]. By identi-
fying and optimising influential nodes, organisations and policymakers
can achieve more effective outreach, resource allocation, and strategic
decision-making.

The IM problem was formally introduced by Kempe et al. [5]
in the context of diffusion models such as the Independent Cascade
(IC) and Linear Threshold (LT) models, revealing that the influence
function is submodular and thus admits approximation guarantees
through greedy selection. While subsequent studies developed several
classical approaches such as CELF [6], degree-based heuristics [7], and
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centrality-based methods (e.g., betweenness [8]), most of them mainly 
focused on maximising the overall number of influenced nodes, without 
considering how influence is distributed across different groups in the 
network.

In reality, social networks are often organised into communities, in 
which nodes within the same community are more densely connected 
than those outside it. These structures significantly influence the dif-
fusion process: communities with stronger internal ties tend to acquire 
information earlier and more comprehensively, whereas communities 
with weaker connections may receive it only partially or at later stages. 
Such disparities are particularly problematic in applications where 
fairness is critical. For example, in health awareness campaigns, disad-
vantaged groups must have timely and sufficient access to life-saving 
information [2]; and in digital advertising, discriminatory targeting has 
raised regulatory and ethical concerns [9]. These issues have motivated 
the emergence of Fair Influence Maximisation (FIM), which extends 
the IM framework by explicitly incorporating fairness objectives into 
the diffusion process.

Several fairness notions have been introduced in the literature, 
including Early-adopter Fairness [10], Maximin Fairness [11], Equity 
Fairness [12], Welfare Fairness [13], and time-critical fairness [9].
These notions capture different fairness goals, but each has limitations 
when applied to community-structured diffusion. For instance, early-
adopter or time-critical criteria emphasise when communities receive 
information, yet do not directly characterise how diffusion benefits are
allocated across communities over the whole process. Maximin-style 
objectives protect the worst-off group but can be overly conservative 
and may lead to large losses in overall spread. Among these, Equity 
Fairness proposed by Farnadi et al. [12] has received particular at-
tention. It requires that the expected influence spread within each 
community should be proportional to its population size. However, this 
proportionality assumption overlooks differences in network connectiv-
ity and diffusion dynamics, so some communities may still be over- or 
underrepresented, even when proportionality holds only at the aggre-
gate level. Moreover, relying on a single fairness criterion often offers 
limited interpretability. It may be unclear whether unfairness arises 
from misalignment with the proportional target at the distribution level 
or from systematic over- or under-allocation to specific communities.

To handle these issues, we revisit equity fairness at the community 
level and operationalise it as proportional allocation of diffusion ben-
efits across communities. We then adopt two complementary and in-
terpretable measures. Jensen–Shannon divergence (JSD) similarity [14]
quantifies the distributional alignment between the realised community 
benefit-share distribution and the population-share reference implied 
by community sizes. It indicates the extent to which the overall allo-
cation deviates from the intended proportional target. Jain’s fairness 
index [15] captures community-wise proportional balance by assessing 
whether communities receive diffusion benefits roughly proportional 
to their population shares. In other words, it examines whether the 
benefit-to-population ratios are consistent across communities. This 
helps reveal systematic over- or under-allocation to particular com-
munities. The two measures are complementary. Global distributional 
alignment alone may still conceal community-level disproportionality, 
while proportional balance alone may still permit an overall mismatch 
between the realised allocation and the population reference. Together, 
they provide a more informative and actionable fairness assessment,
helping diagnose whether particular communities are persistently un-
derserved relative to proportional allocation and guiding fairness-aware 
seed selection. Based on this, we formally define the Fair Multi-
objective Influence Maximisation (FMOIM) problem, which jointly 
optimises overall influence spread and equity fairness.

To address the FMOIM problem, we propose and develop a novel 
model, called FairWolf, which is a problem-driven discrete multi-
objective optimisation model for fairness-aware influence maximisa-
tion. The key design is to reformulate the Grey Wolf Optimiser dynam-
ics to search directly over fixed-budget seed sets under community-level 
2 
fairness objectives, thereby capturing the spread-fairness trade-off in 
the seed-selection space. FairWolf is designed around the discrete na-
ture of seed-set construction and the fairness-aware objective structure, 
and the search naturally produces diverse Pareto-optimal seed sets 
with meaningful fairness interpretation. FairWolf incorporates three 
components: (i) a discrete position update that preserves the seed-set 
budget by construction, (ii) an Explorer-Augmented Leader Selection 
mechanism that sustains diversity while retaining convergence pres-
sure, and (iii) an HV-triggered perturbation mechanism that adaptively 
mitigates stagnation in non-convex multi-objective landscapes.

The main contributions of this paper are summarised as follows:

• We revisit equity fairness and introduce two complementary and
interpretable measures (JSD similarity and Jain’s fairness in-
dex) to characterise community-level proportional allocation in 
influence diffusion.

• We formalise the Fair Multi-objective Influence Maximisation 
(FMOIM) problem that jointly optimises influence spread and
equity fairness, making the spread-fairness trade-off explicit.

• We propose FairWolf as a problem-driven discrete multi-objective 
optimisation model for fairness-aware seed selection, and conduct 
extensive experiments on real-world networks to demonstrate its 
effectiveness.

The remainder of this paper is organised as follows. Section 2 re-
views the literature on fair influence maximisation. Section 3 provides 
the problem description and essential definitions. Section 4 formalises 
the Fair Multi-objective Influence Maximisation (FMOIM) problem. 
Section 5 details the proposed FairWolf model. Section 6 reports ex-
perimental results and provides a comprehensive discussion. Finally,
Section 7 concludes the paper and outlines future research directions.

2. Related work

Research on influence maximisation has been extensively devel-
oped since the seminal work of Kempe et al. [5]. Early solutions 
relied on greedy selection under submodular influence functions, which 
provides approximation guarantees but typically requires repeated dif-
fusion simulations and is therefore computationally demanding [6].
To improve efficiency, heuristic methods such as degree-based strate-
gies [7], centrality-based heuristics (e.g., betweenness [8]), and re-
verse influence sampling (RIS) [16] have been developed, substan-
tially reducing computational overhead while retaining competitive 
accuracy.

Beyond greedy and heuristic pipelines, metaheuristic and learning-
based approaches have been explored for their flexibility in handling
combinatorial search and practical constraints. Tang et al. [17] pro-
posed a discrete shuffled frog-leaping algorithm for seed selection. 
Salavati et al. [18] applied ant colony optimisation for influential 
node detection. Zhang et al. [19] developed a constrained evolutionary 
algorithm with influence indicators to better handle budget restrictions. 
Ma et al. [20] introduced evolutionary deep reinforcement learning 
by combining Q-learning with evolutionary optimisation, and Tian 
et al. [21] explored deep reinforcement learning for topic-aware IM.
Overall, these methods demonstrate the flexibility of population-based 
and learning-based search for IM, particularly when the decision space 
is discrete and diffusion evaluation is costly.

While the above advances improve diffusion efficiency, they typi-
cally optimise total spread and do not explicitly control how diffusion 
benefits are distributed across groups. This limitation motivates fair in-
fluence maximisation (FIM), which incorporates fairness considerations 
into seed selection and diffusion outcomes. Existing FIM notions cover 
multiple perspectives. Early-adopter and outreach fairness focus on bal-
anced exposure across groups in seeding and diffusion outcomes [10].
Time-critical fairness further accounts for diffusion deadlines, showing 
that time constraints can exacerbate disparities, and proposes fairness-
aware formulations subject to budget and coverage requirements [9].
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Maximin fairness aims to protect the least-advantaged community, 
often via multi-objective submodular optimisation and related con-
straints [11]. Welfare-oriented formulations introduce inequality aver-
sion to tune the trade-off between fairness and total influence [13], and
individual-level fairness objectives have also been explored (e.g., 𝜙-
mean fairness) [22]. Equity fairness targets proportional allocation, 
requiring that the expected influence received by each community is 
proportional to its population size [23]. Farnadi et al. [12] further pro-
posed a unifying framework that connects maximin, equality, equity, 
and diversity within a single optimisation view.

However, these formulations often emphasise a single aspect of 
fairness, which can limit interpretability in heterogeneous networks. 
Structural diffusion advantages may yield systematic over- or under-
allocation across communities even when aggregate targets appear
satisfied. These observations motivate fairness objectives that are both 
community-aware and easier to interpret in terms of allocation be-
haviour.

Building on fairness formulations, recent work has developed algo-
rithmic frameworks for FIM, especially in multi-objective and
community-aware settings. Razaghi et al. [24] proposed SetMOGWO,
a discrete multi-objective grey wolf optimiser that jointly optimises 
influence spread together with fairness-related objectives, and assesses 
trade-offs using the Price of Fairness (POF) metric [11,25]. Ma et al.
[26] introduced a community-based evolutionary algorithm that ex-
plicitly leverages community structure to improve maximin-oriented 
fairness. Zhao et al. [27] extended the grey wolf framework to optimise 
overall influence and group-fair objectives based on initial activation 
proportion differences (IAPD). In addition, mixed-integer program-
ming has been used to solve unified fairness formulations when exact 
optimisation is feasible, trading efficiency for exactness [12].

Despite these advances, current research on FIM remains limited. 
First, fairness evaluation in diffusion is often hard to interpret at
the community level, especially under heterogeneous connectivity and
diffusion dynamics. Second, multi-objective FIM solvers can remain
computationally costly because diffusion-based evaluation dominates 
runtime. This makes it important to design optimisation models that 
search effectively over fixed-budget seed sets under fairness objectives. 
These challenges highlight the need for fairness metrics that better 
characterise community-level allocation behaviour in diffusion, as well
as optimisation methods that can address such objectives effectively.

3. Preliminaries

In this section, we introduce the problem description and the essen-
tial definitions required for subsequent analysis.

3.1. Problem description

This paper addresses the Fair Multi-Objective Influence Maximisa-
tion (FMOIM) problem, which aims to identify a set of Pareto-optimal 
solutions that promotes the equitable dissemination of influence across 
a network. Each solution corresponds to a node set 𝑆(𝑖) ⊆ 𝑉  of fixed
size |𝑆(𝑖)

| = 𝑘. The optimiser explores multiple such candidates, and
the collection of all generated solutions is denoted by . From , we 
extract the Pareto front 𝑃𝐹 ⊆ , which constitutes the final output 
of the optimisation procedure. The Pareto front represents the set of 
trade-off optimal solutions balancing influence spread and fairness.

We consider an undirected social network 𝐺 = (𝑉 ,𝐸), where 𝑉
denotes the set of nodes and 𝐸 represents the set of all edges. An
edge (𝑣𝑖, 𝑣𝑗 ) ∈ 𝐸 represents the potential diffusion of influence between 
nodes 𝑣𝑖 and 𝑣𝑗 . The nodes in network 𝐺 are partitioned into distinct 
communities, denoted as 𝐶𝑗 ⊆ 𝑉 , and each node belongs to exactly one 
community.

Let 𝑆(𝑖) denote the candidate node set of budget 𝑘, which serves as
the starting point for influence diffusion under the Independent Cascade
(IC) Model [5]. In this model, each activated node has exactly one 
3 
Table 1
Mathematical notations and descriptions.
 Category Description  
 Sets
 𝐺 = (𝑉 ,𝐸) Undirected social network  
𝑉 Set of all nodes in 𝐺  
𝐸 Set of all edges in 𝐺  

 𝐶𝑗 ⊆ 𝑉 Node set of the 𝑗th community // 𝑗 = 1,… , 𝑚 and 
⋃𝑚

𝑗=1 𝐶𝑗 = 𝑉
 

 Parameters
 𝑁 Number of Monte Carlo simulations  
𝑝 Propagation probability  

 |𝑉 | Total number of nodes in the network  
|𝐶𝑗 | Number of nodes in the 𝑗th community  
𝑚 Total number of communities in the network  
𝑘 Node set budget (number of selected nodes)  
Decision variables and solutions
𝑆 (𝑖) ⊆ 𝑉 The 𝑖th candidate seed set (solution) with budget 

|𝑆 (𝑖)
| = 𝑘

 

  The set of all candidate solutions generated by the 
optimiser

 

𝑃𝐹 ⊆  The Pareto Front // the final output of the optimisation 
process

 

Objective-related metrics
activated(𝑆 (𝑖))𝑛 Nodes activated by 𝑆(𝑖) in the 𝑛th simulation  

 avgAct(𝐶𝑗 ) Average number of activated nodes in community 𝑗  
𝑃 = {𝑃𝑗}𝑚𝑗=1 Observed proportions of activated nodes in each 

community
 

𝑄 = {𝑄𝑗}𝑚𝑗=1 Community-size proportions in the network  
 𝑀 Number of objectives in FMOIM problem  
𝑓1(𝑆 (𝑖)) Influence spread objective of candidate seed set 𝑆(𝑖)  

 𝑓2(𝑆 (𝑖)) Equity fairness objective of candidate seed set 𝑆(𝑖)  
 𝛥𝑓1(𝑣 ∣ 𝑆 (𝑖)) Marginal contribution of candidate node 𝑣 to the spread 

objective with respect to seed set 𝑆(𝑖)
 

opportunity to activate each of its inactive neighbours with a specified 
propagation probability 𝑝. The IC model is adopted because it is a
canonical stochastic diffusion model in influence maximisation and has 
been widely used to evaluate probabilistic information propagation. 
Following prior work [28], we approximate the overall influence spread 
using a 2-hop diffusion horizon. This setting provides a computationally 
efficient approximation during repeated population-based optimisation, 
where each candidate seed set must be evaluated many times. Thus, the 
maximum diffusion step in the IC model is fixed at 𝑚𝑎𝑥_𝑠𝑡𝑒𝑝 = 2. The 
IC model is executed over 𝑁 Monte Carlo simulations. The set of nodes 
activated by 𝑆(𝑖) in the 𝑛th simulation (𝑛 ∈ 1, 2,… , 𝑁) is denoted as 
activated(𝑆(𝑖))𝑛.

The notations and parameters used throughout this paper are sum-
marised in Table  1.

3.2. Fundamental definitions

Definition 1 (Community Structure). Let 𝐺 = (𝑉 ,𝐸) denote an undi-
rected social network. The node set 𝑉  is partitioned into 𝑚 disjoint 
subsets {𝐶1, 𝐶2,… , 𝐶𝑚}, where 𝐶𝑖 ∩ 𝐶𝑗 = ∅ for 𝑖 ≠ 𝑗 and ⋃𝑚

𝑗=1 𝐶𝑗 = 𝑉 .
Each 𝐶𝑗 represents a community in the network, where nodes share 
common attributes or structural proximity. Every node 𝑣 ∈ 𝑉  belongs 
to exactly one community 𝐶𝑗 .

In this paper, communities are used as structural fairness groups for 
evaluating diffusion-benefit allocation. They are not assumed to be im-
mutable ground-truth demographic categories. Rather, they provide a
group-level basis for measuring whether the realised diffusion benefits 
are proportionally allocated across different parts of the network. The 
proposed formulation is therefore defined with respect to a given group 
partition.

Definition 2 (Independent Cascade Model). The Independent Cascade
(IC) model describes stochastic influence diffusion in a network [5].
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Starting from an initial node set 𝑆(𝑖) ⊆ 𝑉 , each newly activated node
has exactly one chance to activate each of its inactive neighbours inde-
pendently with probability 𝑝. Activated nodes remain active and may 
trigger further activations in subsequent steps. In this work, following 
prior studies, we restrict the diffusion horizon to two steps (max step =
2), providing a computationally efficient approximation of the overall
influence spread.

Definition 3 (Pareto Dominance). Given two solutions 𝑥, 𝑦 ∈  with 
objective vectors 𝑓 (𝑥) = (𝑓1(𝑥), 𝑓2(𝑥),… , 𝑓𝑀 (𝑥)) and 𝑓 (𝑦) = (𝑓1(𝑦), 𝑓2(𝑦),
… , 𝑓𝑀 (𝑦)) in an 𝑀-objective optimisation problem, solution 𝑥 is said 
to Pareto dominate 𝑦 (denoted as 𝑥 ≺ 𝑦) if and only if 𝑓𝑖(𝑥) ≥ 𝑓𝑖(𝑦) for 
all 𝑖 ∈ {1,… ,𝑀} and 𝑓𝑗 (𝑥) > 𝑓𝑗 (𝑦) for at least one index 𝑗 [29,30].

Definition 4 (Pareto Front). The Pareto Front is the set of all non-
dominated solutions in . Formally,
𝐹 = {𝑥 ∈  ∣ ∄𝑦 ∈  , 𝑦 ≺ 𝑥}.

he Pareto front represents the trade-off surface among conflicting 
objectives, and decision-makers can select solutions from this set ac-
cording to their preferences [31].

Definition 5 (Crowding Distance). Crowding distance is a diversity-
preserving metric used in multi-objective optimisation [32]. For a
solution on the Pareto front, it is calculated as the sum of the nor-
malised distances between its nearest neighbours along each objective 
axis, thereby measuring the degree of isolation of the solution in the 
objective space. A larger crowding distance indicates greater isolation 
and helps maintain a well-distributed set of solutions across the Pareto 
front.

4. Fair multi-objective influence maximisation problem

This paper formally defines the Fair Multi-Objective Influence Max-
imisation (FMOIM) problem with two objectives. The first objective 
is to maximise the overall influence diffusion spread. The second ob-
jective models Equity Fairness [12], requiring the realised activation 
share of each community to be proportional to its population share 
in the network. In our formulation, Equity Fairness is quantified by
jointly considering the global alignment between 𝑃 = {𝑃𝑗}𝑚𝑗=1 (observed 
activation proportions) and 𝑄 = {𝑄𝑗}𝑚𝑗=1 (community-size proportions), 
and the community-wise proportional balance of activations.

4.1. Constraints of the model

Let 𝑆(𝑖) ⊆ 𝑉  denote the node set selected in a given simulation. The
selection process is required to satisfy the following constraints: 
𝑆(𝑖) ⊆ 𝑉 , |𝑆(𝑖)

| = 𝑘, 𝑠𝑝 ≠ 𝑠𝑞 , ∀𝑠𝑝, 𝑠𝑞 ∈ 𝑆(𝑖), 𝑝 ≠ 𝑞. (1)

These constraints ensure that the selected nodes are drawn from 𝑉 ,
that their number matches the budget 𝑘, and that they are mutually 
distinct. Furthermore, the nodes are selected simultaneously at the 
initial time step (𝑡 = 0), and the diffusion process is restricted to a
maximum of two propagation steps.

4.2. Objective 1: Maximising influence diffusion spread

The first objective aims to maximise the global influence spread 
across the network. This measure is expressed as the average proportion 
of nodes activated during the diffusion process, as defined in Eq. (2).
Specifically, for a given node set 𝑆(𝑖), the influence spread is com-
puted as the mean fraction of activated nodes over 𝑁 independent 
simulations: 

𝑓1(𝑆(𝑖)) = 1
𝑁
∑

|activated(𝑆(𝑖))𝑛| , (2)

𝑁 𝑛=1 |𝑉 |

4 
where |𝑉 | is the total number of nodes in 𝐺, activated(𝑆(𝑖))𝑛 is the 
number of nodes activated by 𝑆(𝑖) in simulation 𝑛, and 𝑁 denotes the 
number of Monte Carlo simulations.

4.3. Objective 2: Maximising equity fairness across communities

The second optimisation objective builds on the notion of Equity 
Fairness in influence maximisation [12], which requires the realised 
activation share of each community to be proportional to its population 
share in the network. The community partition specifies the groups 
over which equity fairness is evaluated. The proposed formulation 
is not tied to a particular community detection algorithm. For any 
meaningful group partition, the realised activation distribution 𝑃  and
the reference allocation 𝑄 can be defined accordingly, and the fairness 
objective evaluates whether diffusion benefits are proportionally allo-
cated across these groups. Therefore, a change in the partition changes 
the fairness-evaluation context, but does not invalidate the formulation 
itself. To model this principle, we formulate a composite equity objec-
tive that captures fairness from two complementary perspectives: global 
alignment with the population structure and community-wise propor-
tional balance. This design provides a more complete characterisation 
of equity fairness.

The first component is the Jensen–Shannon Divergence (JSD) sim-
ilarity [14], which evaluates the global alignment between the activa-
tion proportions and the population proportions. Let 𝑃 = {𝑃𝑗}𝑚𝑗=1 de-
note the observed activation proportions across 𝑚 communities, where 
each 𝑃𝑗 represents the proportion of activations in community 𝑗. Simi-
larly, let 𝑄 = {𝑄𝑗}𝑚𝑗=1 denote the corresponding population proportions, 
where each 𝑄𝑗 represents the demographic share of community 𝑗. 

𝑃𝑗 =
avgAct(𝐶𝑗 )

∑𝑚
𝑖=1 avgAct(𝐶𝑖)

, (3)

𝑄𝑗 =
|𝐶𝑗 |

|𝑉 |

, (4)

where avgAct(𝐶𝑗 ) is the average number of activated nodes in commu-
nity 𝑗, 𝐶𝑗 denotes the node set of the 𝑗th community, |𝐶𝑗 | is the number 
of nodes in that community, and |𝑉 | is the total number of nodes in the 
network. 
JSsim(𝑃 ,𝑄) = 1 −

JS(𝑃 ∥ 𝑄)
log 2

, (5)

JS(𝑃 ∥ 𝑄) = 1
2 KL(𝑃 ∥ 𝐴) + 1

2 KL(𝑄 ∥ 𝐴), 𝐴 = 1
2 (𝑃 +𝑄), (6)

where the term KL(⋅ ∥ ⋅) is the Kullback–Leibler divergence [33], and
𝐴 is the average distribution.

A higher JSsim(𝑃 ,𝑄) indicates closer alignment between activa-
tion proportions and population proportions, reflecting equity at the 
distribution level.

The second component of the fairness objective is Jain’s fairness 
index [15], which evaluates community-wise proportional balance by
assessing the consistency of the ratios 𝑃𝑗∕𝑄𝑗 across communities: 

Jain(𝑃∕𝑄) =

(
∑𝑚

𝑗=1 𝑃𝑗∕𝑄𝑗
)2

𝑚 ⋅
∑𝑚

𝑗=1(𝑃𝑗∕𝑄𝑗 )2
, (7)

where 𝑃𝑗∕𝑄𝑗 compares the observed activation share 𝑃𝑗 of community 
𝑗 with its expected share 𝑄𝑗 implied by the population. When all ratios 
𝑃𝑗∕𝑄𝑗 are close to one, activations are proportionally allocated across 
communities. Large deviations indicate systematic over-allocation or 
under-allocation to particular communities. Thus, a higher Jain(𝑃∕𝑄)
implies stronger proportional equity at the community level.

The two components are complementary: JSsim(𝑃 ,𝑄) captures
distribution-level alignment with the population structure, while
Jain(𝑃∕𝑄) penalises community-wise disproportionate deviations. Op-
timising a single measure may be insufficient, as global alignment may 
still conceal community-level disparities, whereas proportional balance 
alone may still permit global mismatches between 𝑃  and 𝑄.
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Accordingly, the fairness objective is formulated as: 

𝑓2(𝑆(𝑖)) = 𝜆 ⋅ JSsim(𝑃 ,𝑄) + (1 − 𝜆) ⋅ Jain(𝑃∕𝑄), 𝜆 ∈ [0, 1], (8)

where both terms are normalised to [0, 1]. Here 𝜆 controls the trade-off 
between global alignment and community-wise proportionality. We use 
𝜆 = 0.5 as a neutral default, and evaluate other values via a sensitivity 
analysis in Section 6.

4.4. Objective formulation

The Fair Multi-Objective Influence Maximisation (FMOIM) problem 
is formulated as: 

max
𝑆(𝑖)⊆𝑉 , |𝑆(𝑖)

|=𝑘

(

𝑓1(𝑆(𝑖)), 𝑓2(𝑆(𝑖))
)

(9)

subject to the constraints on 𝑆(𝑖). This formulation ensures both high 
overall diffusion and a proportionally fair allocation of influence across 
all communities.

4.5. Rationale for the spread-equity trade-off

The FMOIM formulation is motivated by the inherent tension be-
tween diffusion efficiency and equity-oriented allocation in community-
structured networks. The spread objective 𝑓1 measures the total ac-
tivation produced by a seed set 𝑆(𝑖), whereas the equity objective 𝑓2
evaluates whether the realised community-level activation distribution 
𝑃  is aligned with the reference allocation 𝑄. These two objectives are
not generally equivalent in heterogeneous networks.

This can be seen from the marginal effect of candidate-node selec-
tion during seed-set construction. Let 𝛥𝑓1(𝑣 ∣ 𝑆(𝑖)) denote the marginal
contribution of a candidate node 𝑣 to the spread objective when con-
sidered with respect to the current seed set 𝑆(𝑖). Suppose that two 
communities 𝐶𝑎 and 𝐶𝑏 have different diffusion efficiencies, reflected 
by different marginal spread contributions of their candidate nodes. 
There exist candidate nodes 𝑢 ∈ 𝐶𝑎 and 𝑣 ∈ 𝐶𝑏 satisfying 

𝛥𝑓1(𝑢 ∣ 𝑆(𝑖)) > 𝛥𝑓1(𝑣 ∣ 𝑆(𝑖)). (10)

If 𝐶𝑎 is already over-represented in the realised activation distribution 
and 𝐶𝑏 is under-represented, i.e., 

𝑃𝑎 > 𝑄𝑎, 𝑃𝑏 < 𝑄𝑏, (11)

then a spread-oriented update would prefer 𝑢 because it yields a larger 
increase in total activation. However, this choice may further increase 
the activation share of the already over-represented community and
leave the under-represented community below its reference share. Con-
sequently, 𝑓1 can improve while 𝑓2 deteriorates. Conversely, improving 
𝑓2 may require selecting nodes that increase avgAct(𝐶𝑏) and reduce the 
gap between 𝑃𝑏 and 𝑄𝑏, even when their marginal contribution to 𝑓1
is smaller.

This structural mismatch is common in real social networks, where 
communities may differ in size, internal density, boundary connec-
tivity, and accessibility to influential hubs. The argument does not 
rely on a specific community detection method; rather, it depends 
on whether the resulting groups exhibit heterogeneous diffusion effi-
ciency and accessibility. When such heterogeneity exists, seed sets that 
maximise total influence are not necessarily those that produce pro-
portional community-level benefit allocation. This justifies modelling 
FMOIM as a bi-objective optimisation problem, where 𝑓1 captures 
diffusion efficiency and 𝑓2 captures equity-oriented allocation across 
communities.
 𝐷

5 
Table 2
Parameters of MOGWO and FairWolf.
 Parameter Description  
 Common parameters
 𝛼𝑔 Grid inflation parameter  
𝛽𝑔 Leader selection pressure parameter  
𝑛𝐺𝑟𝑖𝑑 Number of grids per dimension  
𝛾𝑔 Archive density-deletion parameter  

 𝑎𝑟𝑐ℎ𝑖𝑣𝑒_𝑠𝑖𝑧𝑒 Maximum number of solutions in the archive 
𝑝𝑜𝑝_𝑠𝑖𝑧𝑒 Number of wolves in the population  
𝑘 Budget of the seed node set  

 FairWolf - specific parameters
 𝜏 Window size for HV stagnation detection  
 𝜖𝐻𝑉 Threshold for HV improvement  
𝑝𝑒𝑟𝑡𝑢𝑟𝑏 Perturbation ratio  

5. FairWolf: A problem-driven discrete multi-objective Grey Wolf
Optimiser for fair influence maximisation

In this section, we present FairWolf, a problem-driven discrete 
multi-objective grey wolf optimiser tailored for fair multi-objective 
influence maximisation (FMOIM). FairWolf builds upon the MOGWO
search template [34], but is redesigned for the fixed-budget seed-set 
optimisation with |𝑆(𝑖)

| = 𝑘 and the equity fairness-aware objec-
tives in Section 4, which makes standard continuous position updates 
inapplicable.

We retain two core strengths of the grey wolf hunting template: 
(i) a lightweight structure with few control parameters and a compact 
search procedure; (ii) leader-guided population dynamics that pro-
vide a simple balance between exploration and exploitation. However, 
when applied to FMOIM, the standard MOGWO template still faces 
three practical limitations in the discrete seed-set domain, including: 
(i) continuous-style updates that do not naturally respect the fixed-
cardinality constraint |𝑆(𝑖)

| = 𝑘, leading to ineffective or redundant 
moves; (ii) archive-based leader selection that can become overly ex-
ploitative, causing leaders to concentrate in a narrow region of the 
objective space and reducing archive coverage; and (iii) stagnation with 
negligible improvement in archive quality over successive iterations.

To address these challenges, FairWolf incorporates three tailored 
mechanisms: (i) a discrete position updating operator that performs 
set-based modifications and preserves feasibility by construction; (ii)
an Explorer-Augmented Leader Selection strategy that explicitly incor-
porates leaders from sparsely populated regions to improve guidance 
diversity; and (iii) an HV-triggered perturbation mechanism that acti-
vates only when progress stalls, injecting controlled diversity to escape 
local regions. In addition, FairWolf employs a persistent grid archive 
to stabilise density estimation across iterations and reduce unnecessary 
re-partitioning.

We next summarise the MOGWO template used as the starting point 
and then present the FairWolf mechanisms in detail. The control pa-
rameters used in MOGWO and the proposed FairWolf are summarised 
in Table  2.

5.1. Fundamentals of MOGWO

The Multi-Objective Grey Wolf Optimiser (MOGWO) is inspired by
the hunting behaviour and social hierarchy of grey wolves [34]. Each 
wolf represents a candidate solution, and the hierarchy is divided into 
four levels: alpha (𝛼), beta (𝛽), delta (𝛿), and omega (𝜔). The first three 
wolves act as leaders, guiding the position update of the remaining 
wolves.

The mathematical model of the hunting strategy is expressed as 
ollows. First, the distances of a wolf to the three leaders are computed:
⃗ = |𝐶 ⋅ 𝑋⃗ (𝑡) − 𝑋⃗(𝑡)| ,
𝛼 |

|

1 𝛼 |

|
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𝐷⃗𝛽 = |

|

|

𝐶2 ⋅ 𝑋⃗𝛽 (𝑡) − 𝑋⃗(𝑡)||
|

,

𝐷⃗𝛿 =
|

|

|

𝐶3 ⋅ 𝑋⃗𝛿(𝑡) − 𝑋⃗(𝑡)||
|

. (12)

Then, three candidate positions are generated by following the 
eaders:

𝑋⃗1 = 𝑋⃗𝛼(𝑡) − 𝐴1 ⋅ 𝐷⃗𝛼 ,

𝑋⃗2 = 𝑋⃗𝛽 (𝑡) − 𝐴2 ⋅ 𝐷⃗𝛽 ,

𝑋⃗3 = 𝑋⃗𝛿(𝑡) − 𝐴3 ⋅ 𝐷⃗𝛿 . (13)

Finally, the position of the wolf is updated as the average of the 
three candidate positions: 

𝑋⃗(𝑡 + 1) =
𝑋⃗1 + 𝑋⃗2 + 𝑋⃗3

3
. (14)

The coefficient vectors are defined as: 

𝐴 = 2 ⋅ 𝑎 ⋅ 𝑟1 − 𝑎, 𝐶 = 2 ⋅ 𝑟2, 𝑎 = 2 − 2𝑡
𝑀𝑎𝑥𝐼𝑡

. (15)

where 𝑋⃗(𝑡) is the current position, 𝑋⃗𝛼(𝑡), 𝑋⃗𝛽 (𝑡), and 𝑋⃗𝛿(𝑡) are the three 
leaders, 𝐷⃗𝛼 , 𝐷⃗𝛽 , 𝑎𝑛𝑑𝐷⃗𝛿 are distance vectors between a wolf and each 
leader, and 𝑟1, 𝑟2 ∼ 𝑈 (0, 1). The coefficient 𝐴 controls exploration/ex-
ploitation via its magnitude, while 𝐶 stochastically scales the leader
influence; 𝑎 decreases linearly from 2 to 0 over iterations.

To extend GWO to multi-objective optimisation, MOGWO incorpo-
rates two additional mechanisms: the Grid-based Archive mechanism 
and the Leader Selection mechanism. The pseudo code of the MOGWO
algorithm is provided in Algorithm 1.

Grid-based archive mechanism. An external archive is maintained to
store non-dominated solutions [35]. For each new solution, dominance 
relations with archive members are checked: dominated solutions are
discarded, dominating solutions replace weaker members, and mutually 
non-dominant solutions are added to the archive. The archive has a
fixed maximum capacity, and when it reaches this limit, a grid-based 
truncation strategy is applied.

Following the Pareto Archived Evolution Strategy (PAES) [36], the 
objective space is divided into hypercubes (grid cells). Each archived 
solution is mapped to a cell according to its objective values, and the 
density of each cell is monitored. Once the archive reaches its maxi-
mum capacity, a truncation procedure is activated: the most crowded 
grid cell is identified, and one solution is randomly deleted from this 
cell to restore capacity. If a new solution lies outside the current grid
boundaries, the grid is expanded to cover it, and all archive members 
are reassigned accordingly. This mechanism guarantees both a bounded 
archive size and the preservation of diversity along the Pareto front.

Leader selection mechanism. In single-objective GWO, 𝛼, 𝛽, and 𝛿 are
simply the three best wolves. In MOGWO, leaders are instead selected 
from the archive using a roulette-wheel mechanism biased towards 
sparsely populated cells: 

𝑝𝑟𝑜𝑏𝑖 ∝
𝑐

𝑁𝑢𝑚𝑖
, (16)

where 𝑐 > 1 is a constant and 𝑁𝑢𝑚𝑖 is the number of solutions in 
the 𝑖th grid cell. Consequently, solutions from less crowded regions 
of the Pareto front are more likely to be selected as leaders, thereby 
encouraging exploration of underrepresented areas.

In special cases, if the least crowded cell contains at least three 
solutions, they are randomly assigned to 𝛼, 𝛽, and 𝛿; otherwise, leaders 
are supplemented from the next least crowded cells until three are
obtained. This ensures that leaders do not cluster in the same region, 
helping to maintain a well-distributed approximation set.
6 
Algorithm 1 Multi-objective grey wolf optimiser (MOGWO)
1: Input: 𝑝𝑜𝑝_𝑠𝑖𝑧𝑒, 𝑀𝑎𝑥𝐼𝑡, 𝑎𝑟𝑐ℎ𝑖𝑣𝑒_𝑠𝑖𝑧𝑒, grid params (𝛼𝑔 , 𝛽𝑔 , 𝑛𝐺𝑟𝑖𝑑, 𝛾𝑔)
2: Output: 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 - Archive of non-dominated solutions
3: Initialise population {𝑋𝑖}

𝑝𝑜𝑝_𝑠𝑖𝑧𝑒
𝑖=1  and evaluate (𝑓1, 𝑓2).

4: Initialise 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 with non-dominated solutions; build an adaptive 
grid in the objective space.

5: for 𝑡 = 1 to 𝑀𝑎𝑥𝐼𝑡 do
6:  Select leaders (𝑋𝛼 , 𝑋𝛽 , 𝑋𝛿) from sparse grid cells in 𝑎𝑟𝑐ℎ𝑖𝑣𝑒
(grid-based roulette selection).

7:  Update coefficients (𝑎, 𝐴, 𝐶) using Eq. (15).
8:  Update each wolf 𝑋𝑖 using leader-guided rules (Eqs. (12) to 
(14)).

9:  Evaluate (𝑓1, 𝑓2); update 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 by inserting new
non-dominated solutions and removing dominated ones.

10:  if 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 exceeds capacity then
11:  Truncate 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 by deleting solutions from the most 

crowded grid cells until capacity is met.
12:  end if
3:  if new solutions exceed current grid bounds then
4:  Expand grid bounds and reassign all archive members to grid 
cells.

5:  end if
6: end for
7: return 𝑎𝑟𝑐ℎ𝑖𝑣𝑒

5.2. The proposed FairWolf algorithm

In FairWolf, each wolf encodes a candidate solution in the dis-
crete seed-set search space. Specifically, under the FMOIM budget 
constraint, the position of wolf 𝑖 is represented as a feasible seed 
set 𝑆(𝑖) ⊆ 𝑉  with |𝑆(𝑖)

| = 𝑘. Algorithm 2 summarises the overall 
procedure. FairWolf consists of three components: (i) a discrete position 
updating operator for seed-set optimisation, (ii) an explorer-augmented 
leader selection strategy to improve guidance diversity, and (iii) an
HV-triggered perturbation mechanism to mitigate stagnation.
Discrete position updating. Fig.  1 illustrates the proposed set-based dis-
crete position updating in FairWolf through a running example with 
budget 𝑘 = 5. At iteration 𝑡, wolf 𝑖 encodes a feasible seed set 𝑆(𝑖) ⊆ 𝑉
with |𝑆(𝑖)

| = 𝑘, and a leader 𝑙 is sampled from a leader pool  that 
combines (i) core leaders from the current non-dominated set and (ii)
explorer leaders drawn from sparsely populated regions of the objective 
space (Section 5.2). The update modifies 𝑆(𝑖) through node exchanges, 
thereby preserving |𝑆(𝑖)

| = 𝑘 by construction.
The position update for each wolf is implemented via set-based 

modifications rather than continuous movements. Given a current so-
lution 𝑆(𝑖) and a leader 𝑙, the update is determined by the parameter 𝐴:
when |𝐴| < 1, the wolf tends to align its node set with that of the leader 
(exploitation); when |𝐴| ≥ 1, it introduces differences from the leader’s 
set (exploration). The parameter 𝐶 controls the scale of modifications. 

𝐴 = 2 ⋅ 𝑎 ⋅ 𝑟1 − 𝑎, 𝐶 = 2 ⋅ 𝑟2, 𝑎 = 2 − 2𝑡
𝑀𝑎𝑥𝐼𝑡

, (17)

where 𝐴 and 𝐶 are scalar coefficients controlling the magnitude of set 
modifications, 𝑎 decreases linearly from 2 to 0, and 𝑟1, 𝑟2 ∈ [0, 1] are
random numbers sampled from a uniform distribution.

Exploitation Process: The wolf aligns its node set with that of the 
leader by exchanging nodes. The candidate nodes to be added and
removed are defined in Eq. (18), and the number of replacements is 
determined by Eq. (19). 

new = 𝑙 ⧵ 𝑆(𝑖), 𝐸old = 𝑆(𝑖) ⧵ 𝑙, (18)

𝑠𝑡𝑒𝑝_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 = min
(

⌈|𝐴| ⋅ 𝑛 ⌉, ⌈𝐶 ⋅ 𝑛 ⌉

)

,
swap swap
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𝑛swap = min(|𝐸new|, |𝐸old|). (19)

where 𝑛swap denotes the maximum feasible number of node exchanges, 
determined by the smaller size of the candidate addition set 𝐸new and
the candidate removal set 𝐸old.

Accordingly, 𝑠𝑡𝑒𝑝_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 nodes are removed from 𝐸old and replaced 
with nodes sampled from 𝐸new.

Exploration Process: The wolf diverges from the leader by removing 
overlapping nodes by Eq. (20) and is substituted with nodes sampled
from outside both sets by Eq. (21). 
𝐸old = 𝑆(𝑖) ∩ 𝑙, (20)

𝐸cand ⊆ 𝑉 ⧵ (𝑆(𝑖) ∪ 𝑙). (21)

where 𝑉  is the ground set of all nodes. The update preserves the budget 
constraint |𝑆(𝑖)

| = 𝑘 by construction.
The number of exchanges is given by: 

𝑠𝑡𝑒𝑝_𝑒𝑥𝑝𝑙𝑜𝑟𝑒 = min
(

⌈|𝐴| ⋅ |𝐸old|⌉, ⌈𝐶 ⋅ |𝐸old|⌉, |𝐸old|
)

. (22)

Thus, 𝑠𝑡𝑒𝑝_𝑒𝑥𝑝𝑙𝑜𝑟𝑒 nodes are removed from 𝐸old and substituted with 
nodes sampled from 𝐸cand.

If the updated solution matches the original, random resampling is 
performed to maintain diversity within the population.
Explorer-augmented leader selection. In multi-objective optimisation, se-
lecting leaders solely from the current non-dominated set may lead
to leader crowding, in which guidance concentrates on already well-
populated regions of the trade-off surface and reduces coverage. To 
address this, FairWolf adopts an explorer-augmented leader selection 
strategy that combines: (i) core leaders sampled from the current non-
dominated archive to maintain convergence pressure, and (ii) explorer 
leaders sampled with a bias towards sparsely populated regions of 
the objective space to encourage exploration along underrepresented 
trade-off directions.

A persistent grid structure is employed to partition the objective 
space into 𝑛𝐺𝑟𝑖𝑑 cells per dimension. Unlike the adaptive grids in 
classical MOGWO, the persistent grid expands only when new solutions 
exceed the current bounds, thereby avoiding frequent re-partitioning 
and stabilising density estimation across iterations. Since both objec-
tives are normalised to [0, 1], the grid stabilises after a limited number 
of expansions, enabling consistent density estimation while reducing 
redundant computation. When the archive exceeds its maximum ca-
pacity, solutions in overcrowded cells are pruned based on density and
crowding-distance criteria.

The probability of selecting a grid cell 𝑖 for explorer leaders is 
defined as: 
𝑟𝑜𝑏𝑖 ∝ (𝑁𝑢𝑚𝑖 + 𝜖)−𝛽𝑔 , (23)

here 𝑁𝑢𝑚𝑖 denotes the number of solutions in grid cell 𝑖, 𝜖 is a small
constant to avoid division by zero, and 𝛽𝑔 controls the strength of the 
bias towards sparse cells. Higher values of 𝛽𝑔 increase the selection bias 
towards sparse regions.

Once a cell is selected, candidate solutions within that cell are
ranked by their crowding distance [32], and the solution with the 
largest crowding distance is chosen as the explorer leader.
HV-triggered perturbation mechanism. To mitigate stagnation, FairWolf
employs a hypervolume (HV)-triggered perturbation strategy. HV is 
used as an indicator of the coverage and quality of the current archive
[37]. Rather than applying unconditional random restarts that discard 
accumulated search information, the perturbation is activated only 
when the archive shows insufficient progress within a short time win-
dow, thereby avoiding unnecessary disruption during effective search 
phases. At iteration 𝑡, we compute 𝐻𝑉 (𝑡) from the current archive and
maintain a sliding window of length 𝜏. Let 

(𝑡) = {𝐻𝑉 (𝑡 − 𝜏 + 1),… ,𝐻𝑉 (𝑡)}. (24)
7 
Algorithm 2 FairWolf Algorithm
Input: Graph 𝐺 = (𝑉 ,𝐸), Population 𝑝𝑜𝑝 and its size 𝑝𝑜𝑝_𝑠𝑖𝑧𝑒, Budget 
𝑘, 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 𝑠𝑖𝑧𝑒, 𝑀𝑎𝑥𝐼𝑡, Number of explorer leaders 𝑛explorers, HV window
size 𝜏, HV stagnation threshold 𝜖𝐻𝑉 , Perturbation ratio 𝑝𝑒𝑟𝑡𝑢𝑟𝑏, grid params 
(𝛼𝑔 , 𝛽𝑔 , 𝑛𝐺𝑟𝑖𝑑, 𝛾𝑔)
Output: 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 - set of non-dominated solutions
1: Initialise population 𝑝𝑜𝑝 = {𝑆(𝑖)}𝑝𝑜𝑝_𝑠𝑖𝑧𝑒𝑖=1  with random seed sets of size 𝑘.
2: Evaluate each 𝑆(𝑖) with objectives (𝑓1, 𝑓2).
3: Initialise 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 with non-dominated solutions.
4: Construct persistent grid structure with parameters (𝛼𝑔 , 𝛽𝑔 , 𝑛𝐺𝑟𝑖𝑑, 𝛾𝑔).
5: 𝑡 ← 0
6: while 𝑡 < 𝑀𝑎𝑥𝐼𝑡 do
7:  Update control parameter 𝑎, 𝐴, and 𝐶 by Eq. (17).
8:  Select leader set  from 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 (core + 𝑛explorers explorer leaders). 
(Explorer-Augmented Leader Selection)

9:  for each wolf 𝑆 (𝑖) ∈ 𝑝𝑜𝑝 do
10:  Choose a leader 𝑙 ∈  uniformly at random.
11:  Update 𝑆(𝑖) by discrete set-based rules using Eqs. (18) to (22).

(Position Updating)
12:  If 𝑆(𝑖) unchanged, re-sample randomly to maintain diversity.
13:  Evaluate 𝑆(𝑖) with (𝑓1, 𝑓2).
14:  end for
15:  Update 𝑎𝑟𝑐ℎ𝑖𝑣𝑒 with new non-dominated solutions.
16:  Compute hypervolume 𝐻𝑉 (𝑡).
17:  if hypervolume stagnation over window 𝜏 (𝛥𝐻𝑉 < 𝜖𝐻𝑉 ) then
18:  Apply perturbation to a randomly selected fraction of the popula-

tion (ratio = 𝑝𝑒𝑟𝑡𝑢𝑟𝑏). (HV-triggered 
Perturbation)

19:  end if
20:  𝑡 ← 𝑡 + 1
21: end while
22: return 𝑎𝑟𝑐ℎ𝑖𝑣𝑒

We measure the progress within the window by the HV range: 

𝛥𝐻𝑉 (𝑡) = max(𝑡) − min(𝑡). (25)

Perturbation is triggered if 

𝐻𝑉 (𝑡) < 𝜖𝐻𝑉 , (26)

where 𝜖𝐻𝑉  is a small threshold.
Once triggered, perturbation is applied to a randomly selected frac-

tion of the population, controlled by 𝑝𝑒𝑟𝑡𝑢𝑟𝑏. For each selected solution 
𝑆(𝑖), we perform a single swap to preserve the budget constraint: 

𝑆′(𝑖) = (𝑆(𝑖) ⧵ {𝑢}) ∪ {𝑣}, (27)

where 𝑢 is sampled uniformly from 𝑆(𝑖) and 𝑣 is sampled from 𝑉 ⧵𝑆(𝑖). 
The perturbed solutions are then re-evaluated and inserted back into 
the population (and subsequently into the archive update routine). 
By activating only under HV stagnation, this operator injects diversity 
when the search is trapped, while keeping the search stable when HV
is improving.

6. Experimental results and discussion

6.1. Experiment settings

6.1.1. Datasets
In this study, we employ eight real-world datasets to evaluate the 

effectiveness of the proposed method. All networks are undirected, 
and their community structures are identified using the Leiden al-
gorithm [38]. This algorithm is chosen for its efficiency and robust-
ness in detecting well-connected communities based on the underlying 
topological structure of the networks. A summary of the network 
characteristics is presented in Table  3.
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Fig. 1. Illustration of the discrete position updating process in FairWolf.
Table 3
Topological properties of experimental networks.
 Networks |𝑉 | |𝐸| 𝑑𝑚𝑎𝑥 𝑑𝑚𝑖𝑛 𝑑𝑎𝑣𝑔 𝐴𝐶𝐶 𝑁𝑂𝐶 
 Dolphin Network (Dolphin) 62 159 12 1 5 0.2590 4  
 FB-Pages-Food network (Food) 620 2102 134 1 6.7806 0.3309 11  
 Email-Eu-Core network (Email) 1005 25,571 347 1 33.2458 0.3994 8  
 Hamsterster network (Ham) 2426 16,630 273 1 13.7098 0.5375 25  
 Facebook network (Facebook) 4039 88,234 1045 1 43.6910 0.6055 17  
 Rice31 network (Rice) 4087 184,828 581 1 90.4468 0.2942 10  
 Wikipedia Vote network (Wiki) 7115 103,689 1065 1 28.3238 0.1409 4  
 LastFM Asia Social Network (LastFM) 7624 27,806 216 1 7.2943 0.2194 18  
 

 

  

 

 
 

Specifically, |𝑉 | and |𝐸| denote the total number of nodes and
edges, respectively; 𝑑𝑚𝑎𝑥 represents the maximum degree; 𝑑𝑚𝑖𝑛 rep-
resents the minimum degree; 𝑑𝑎𝑣𝑔 is the average degree; 𝐴𝐶𝐶 indi-
cates the average clustering coefficient; 𝑁𝑂𝐶 denotes the number of 
communities detected by Leiden algorithm.

• Dolphin [39]: A small social network of 62 bottlenose dolphins, 
where 159 edges represent frequent associations between dol-
phins. The network is moderately cohesive and divided into 4
natural communities.

• FB-Pages-Food Network [40]: This network was collected from
Facebook pages in November 2017, where nodes represent pages 
and edges denote mutual ‘‘likes’’. The network contains 620 nodes 
and 2102 edges. It is characterised by a small, sparse structure 
and is partitioned into 11 distinct communities.

• Email-Eu-Core Network [41,42]: Derived from email communi-
cations within a large European research institution, this net-
work models individuals as nodes and email exchanges as edges. 
8 
It features a moderate clustering coefficient of 0.3994 and is 
partitioned into 8 communities of roughly comparable sizes.

• Hamsterster Network [40]: This social network captures friend-
ship and familial relationships among users of the Hamsterster 
platform. It comprises 2426 nodes, 16,630 edges, and is organised 
into 25 relatively small communities.

• Facebook Network [43]: This network was obtained through 
surveys administered to Facebook app users. It is structured into 
17 distinct communities, reflecting social groupings based on the 
responses.

• Rice31 Network [40]: Extracted from Facebook friendship data,
this network represents individuals as nodes and social ties as 
edges. It is a highly dense network with an average degree of 90.4
and is divided into 10 communities that reflect different student 
groups.

• Wikipedia Vote Network [44,45]: This network contains data
on voting behaviour in Wikipedia’s admin elections, spanning

from the platform’s inception to January 2008. It includes 7115 
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users and 103,689 voting links, resulting in 4 highly imbalanced 
communities.

• LastFM Asia Social Network [46]: A social network of 7624
LastFM users from Asian countries, collected from the public API
in March 2020. Nodes represent users, edges indicate mutual fol-
lower relationships, and node features are derived from the artists
that users like. The network is divided into 18 communities.

6.1.2. Baseline algorithms and parameter setting
To evaluate FairWolf, we benchmark it against two groups of base-

lines: (i) multi-objective algorithms tailored for FMOIM, including GF-
MOGWO [27], MODBA [47], MODPSO [48,49], and SetMOGWO [24];
and (ii) canonical multi-objective evolutionary algorithms, namely
MOEA/D [50] and SPEA2 [51].

• GFMOGWO [27]: The Group-Fair-awareness Multi-objective Grey
Wolf optimiser (GFMOGWO) is one of our previous works, pub-
lished in 2024. This study extends the classical Multi-objective 
Grey Wolf optimiser (MOGWO) proposed by Mirjalili [34] to
address the dual discrete objectives of maximising influence and
ensuring fairness.

• MODBA [47]: The Multi-Objective Discrete Bat Algorithm
(MODBA) is designed for discrete multi-objective optimisation 
problems. Inspired by the echolocation behaviour of bats, it 
incorporates turbulence operations and mutation strategies to
enhance population diversity and search effectiveness.

• MODPSO [48,49]: The Multi-objective Discrete Particle Swarm 
Optimisation (MODPSO) algorithm extends the classical MOPSO
framework [48] by integrating elements of the Discrete PSO
algorithm [49]. It is specifically adapted to address discrete multi-
objective problems such as fair influence maximisation.

• SetMOGWO [24]: The SetMOGWO is a multi-objective Fair IM
algorithm based on the Grey Wolf Optimiser, employing a set-
based representation for solution encoding and evolution. In each 
iteration, it randomly selects a leader and updates individuals 
by adding or deleting nodes to move towards or away from the 
leader. An adaptive grid-based archive is used to maintain the 
diversity of the solution set.

• MOEA/D [50]: MOEA/D is a canonical decomposition-based
multi-objective evolutionary algorithm. It decomposes a multi-
objective problem into a set of scalar subproblems using weight 
vectors and optimises them collaboratively by maintaining one 
solution per subproblem. Neighbouring subproblems share infor-
mation through local variation and replacement, which promotes 
both convergence and diversity.

• SPEA2 [51]: SPEA2 is a strength Pareto evolutionary algorithm 
that employs an external archive to store non-dominated solu-
tions. It assigns each solution a fitness value based on Pareto 
strength and density estimation, and then performs selection from
the union of the current population and the archive. When the 
archive exceeds its capacity, a truncation procedure based on
pairwise distances is used to preserve diversity.

Each experimental run is executed for 100 iterations, and each 
experiment is independently repeated 10 times to ensure statistical 
reliability. The propagation probabilities 𝑝 = 0.01, 0.05, 0.1 are selected 
to represent low, moderate, and relatively stronger diffusion regimes, 
respectively. These values are used to examine whether the proposed 
framework remains effective under different propagation intensities 
across heterogeneous networks. For a fair comparison, the common 
parameters shared by FairWolf, SetMOGWO, and GFMOGWO (i.e., 𝛼𝑔 , 
𝛽𝑔 , 𝑛𝐺𝑟𝑖𝑑, 𝛾𝑔 , 𝑎, 𝑟1, and 𝑟2) are assigned the same values as those 
specified in the original MOGWO paper [34]. A detailed summary of 
the experimental parameters is provided in Table  4.
9 
6.1.3. Computational complexity
Let 𝑇  be the number of iterations (MaxIt), 𝑛 the population size 

(pop_size), 𝑚 the archive size upper bound (archive_size), and 𝑘 the seed 
budget. Let 𝑓eval denote the cost of evaluating one seed set (i.e., Monte 
Carlo diffusion with 𝑁 simulations and the corresponding fairness 
computations).

FairWolf. Each iteration of FairWolf contains four main steps. (i) Dis-
crete position updating : each wolf is updated by set-based swaps and
sampling while preserving |𝑆| = 𝑘. The number of modified elements 
is bounded by 𝑘, yielding 𝑂(𝑛𝑘) for updating 𝑛 wolves in typical
cases. (ii) Objective evaluation: each updated seed set is evaluated once, 
contributing 𝑂(𝑛 𝑓eval). (iii) Archive maintenance: the current popula-
tion and archive are merged (size at most 𝑛+𝑚), and only the first 
non-dominated front is retained; when the archive exceeds capacity, 
grid-based truncation is applied. The dominance-based filtering has a
worst-case cost of 𝑂((𝑛 + 𝑚)2). (iv) HV monitoring : the bi-objective hy-
pervolume of the archive is computed for stagnation detection. For two 
objectives, HV can be computed efficiently after sorting, which costs 
𝑂(𝑚 log𝑚). The sliding-window stagnation check additionally scans a
window of length 𝜏 and costs 𝑂(𝜏) per iteration, where 𝜏 is a small
constant.

Combining these terms gives 
𝑂(FairWolf) = 𝑂

(

𝑇 ⋅
[

𝑛 ⋅ (𝑘 + 𝑓eval) + (𝑛 + 𝑚)2 + 𝑚 log𝑚
])

. (28)

Baselines. SetMOGWO follows the same archive-based discrete search 
structure as FairWolf (set-based updates, evaluation, and archive main-
tenance), and thus has the same leading-order terms without the HV
monitoring cost: 
𝑂(SetMOGWO) = 𝑂

(

𝑇 ⋅
[

𝑛 ⋅ (𝑘 + 𝑓eval) + (𝑛 + 𝑚)2
])

. (29)

FMOGWO introduces additional graph-wide processing (e.g., ranking
or scoring over all nodes), which adds a dependence on |𝑉 |: 
𝑂(GFMOGWO) = 𝑂

(

𝑇 ⋅
[

𝑛 ⋅ (|𝑉 | log |𝑉 | + 𝑓eval) + (𝑛 + 𝑚)2
])

. (30)

or MODPSO, particle-based update and repair commonly involve 
node-level processing over 𝑉  (e.g., constructing scores/probabilities 
and selecting 𝑘 nodes), giving 
𝑂(MODPSO) = 𝑂

(

𝑇 ⋅
[

𝑛 ⋅ (|𝑉 | + 𝑓eval) + (𝑛 + 𝑚)2
])

. (31)

ODBA further employs neighbourhood-based local search; if each 
local move examines 𝑑avg neighbours per selected seed, its per-solution 
cost includes an additional 𝑂(𝑑avg𝑘) term: 

𝑂(MODBA) = 𝑂
(

𝑇 ⋅
[

𝑛 ⋅ (|𝑉 | + 𝑑avg𝑘 + 𝑓eval) + (𝑛 + 𝑚)2
])

. (32)

OEA/D maintains one solution per weight vector (hence 𝑛 = pop_size) 
and performs neighbourhood-based replacement with neighbourhood 
size 𝑇nb; each offspring generation costs 𝑂(𝑘 + 𝑓eval) and is compared 
against at most 𝑇nb neighbours, with additional archive dominance 
checks bounded by 𝑂(𝑚): 
𝑂(MOEA/D) = 𝑂

(

𝑇 ⋅ 𝑛 ⋅
[

(𝑘 + 𝑓eval) + 𝑇nb + 𝑚
])

. (33)

PEA2 computes strength-based fitness and density estimation over the 
union set 𝑈 of size |𝑈 | = 𝑛 + 𝑚. Pairwise dominance checks cost 
𝑂(|𝑈 |

2), and 𝑘th nearest-neighbour density estimation requires pairwise 
distances plus sorting, resulting in 𝑂(|𝑈 |

2 log |𝑈 |) in the worst case: 
𝑂(SPEA2) = 𝑂

(

𝑇 ⋅
[

|𝑈 |

2 log |𝑈 | + 𝑛 ⋅ (𝑘 + 𝑓eval)
])

. (34)

For FMOIM, the evaluation cost 𝑓eval (Monte Carlo diffusion and
fairness computation) is typically the dominant component across 
methods. Among algorithmic overheads, archive-based approaches
share the same principal term 𝑂((𝑛+𝑚)2) due to dominance filtering and
truncation. In this context, HV monitoring in FairWolf is constrained 
by a fixed archive size and is efficient in the bi-objective case. To 
complement the asymptotic analysis, we additionally report empirical 
running time (mean±std over 10 runs) in Tables  8 to 10 and discuss it 
in Section 6.3.2.
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Table 4
Experimental settings and algorithm-specific parameters.
 Common experimental settings Values  
 Max iterations (𝑀𝑎𝑥𝐼𝑡) 100  
 Independent runs 10  
 Seed budget (𝑘) 30  
 Activation probability (𝑝) 0.01, 0.05, 0.1  
 Monte Carlo simulations per evaluation (𝑁) 10  
 Archive capacity (𝑎𝑟𝑐ℎ𝑖𝑣𝑒_𝑠𝑖𝑧𝑒) 100  
 Population size (𝑝𝑜𝑝_𝑠𝑖𝑧𝑒) 100  
 HV reference point (0, 0)  
 Grid-archive settings (used by FairWolf, SetMOGWO, GFMOGWO) Values  
 Grid inflation (𝛼𝑔) 0.1  
 Leader selection pressure (𝛽𝑔) 4  
 Grids per dimension (𝑛𝐺𝑟𝑖𝑑) 10  
 Density-deletion parameter (𝛾𝑔) 2  
 Control parameter (𝑎) linearly decreased from 2 to 0  
 Random vectors (𝑟1 , 𝑟2) Randomly Selected in [0, 1]  
 FairWolf-specific settings Values  
 Number of explorer leaders (𝑛explorers) 2  
 HV window size (𝜏) 5  
 Perturbation ratio (𝑝𝑒𝑟𝑡𝑢𝑟𝑏) 0.15  
 Equity weight (𝜆) 0.5  
 MODBA settings Values  
 Initial pulse rate/maximum pulse rate 0.1/0.9  
 Minimum frequency/maximum frequency 0.5/1.5  
 Initial loudness/minimum loudness 1/0.1  
 Loudness reduction factor 0.9  
 Pulse rate growth factor 0.9  
 MOEA/D settings Values  
 Decomposition Tchebycheff  
 Neighbourhood size 𝑇𝑛𝑏 10  
 Weight vectors evenly spaced in 2D, |𝑊 | = 𝑝𝑜𝑝_𝑠𝑖𝑧𝑒 
 Mutation probability 0.2  
 SPEA2 settings Values  
 External archive size 𝑎𝑟𝑐ℎ𝑖𝑣𝑒_𝑠𝑖𝑧𝑒  
 Density estimator 𝑘th nearest neighbour  
 Mutation probability 0.2  
 

 

 

 

6.1.4. Evaluation metrics
To evaluate the proposed FairWolf algorithm and the baseline meth-

ods, we use several widely applied performance indicators. These in-
clude the Pareto Front (𝑃𝐹 ) [31], Hypervolume (𝐻𝑉 ) [37], Inverted 
Generational Distance (𝐼𝐺𝐷) [25,52], Spacing (𝑆𝑃 ) [53], Spread (𝛥)
[54], Computational Time, and two fairness-related measures, the Price 
of Fairness (𝑃𝑂𝐹 ) and the Price of Influence (𝑃𝑂𝐼) [11,25].

• Pareto Front (𝑃𝐹 ): The Pareto front refers to the set of non-
dominated optimal solutions. It provides a reference for eval-
uating the closeness of the approximated solutions to the true 
trade-off surface.

• Hypervolume (𝐻𝑉 ): The hypervolume measures the size of the 
objective space dominated by the obtained solutions with re-
spect to a reference point. In this study, the reference point is 
set at (0, 0). Larger 𝐻𝑉  values indicate better convergence and
diversity. 

𝐻𝑉 = ∫

𝐏𝐅

𝐫
𝑑𝑉 (35)

where 𝐫 is the reference point and 𝐏𝐅 is the non-dominated Pareto 
front.

• Inverted Generational Distance (𝐼𝐺𝐷): IGD evaluates the average 
distance from a set of uniformly distributed points on the true 
Pareto front (𝑃𝐹true) to the nearest solutions in the approximated 
front (𝑃𝐹approx). Smaller 𝐼𝐺𝐷 values imply better convergence 
and coverage. This indicator complements fairness-specific mea-
sures by evaluating the convergence and distribution quality of 
the obtained Pareto front, ensuring that fairness improvements 
10 
do not come at the cost of degraded optimisation performance. 

𝐼𝐺𝐷 = 1
|𝑃𝐹true|

∑

𝑝∈𝑃𝐹true

min
𝑥∈𝑃𝐹approx

𝑑(𝑝, 𝑥) (36)

where 𝑃𝐹true represents the true Pareto front. 𝑃𝐹approx denotes 
the approximated Pareto front obtained by the algorithm. 𝑑(𝑝, 𝑥)
is the Euclidean distance between a true Pareto front point 𝑝 and
its closest point 𝑥 in the approximated Pareto front.

However, as stated above, computing 𝐼𝐺𝐷 requires knowledge 
of the true Pareto front (𝑃𝐹true), which is often difficult to obtain 
for most real-world multi-objective problems (MOPs), including the 
FMOIM problem addressed in this paper. To overcome this challenge, 
we adopt an approximation strategy inspired by previous studies [25,
30,55]. Specifically, we first merge the Pareto solutions obtained from
all algorithms into a unified Pareto set (𝑃𝑆′). Next, we apply the 
Pareto dominance principle to extract the final set of non-dominated 
solutions (𝑃𝑆) from 𝑃𝑆′. This refined 𝑃𝑆 serves as the approximate 
true Pareto front, enabling us to compute the 𝐼𝐺𝐷 value for each 
algorithm effectively.

• Spacing (𝑆𝑃 ): The spacing indicator measures the uniformity of 
distances between neighbouring solutions on the Pareto front. A
smaller 𝑆𝑃  value indicates that the solutions are more evenly 
distributed. 

𝑆𝑃 (𝑌𝑁 ) =

√

√

√

√

√

1
|𝑌𝑁 | − 1

|𝑌𝑁 |

∑

(

𝑑 − 𝑑1(𝑦𝑗 , 𝑌𝑁 ⧵ {𝑦𝑗})
)2

(37)

𝑗=1
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where 
𝑑1(𝑦𝑗 , 𝑌𝑁 ⧵ {𝑦𝑗}) = min

𝑦∈𝑌𝑁 ⧵{𝑦𝑗}
‖𝑦 − 𝑦𝑗‖1 (38)

is the 𝐿1 distance from solution 𝑦𝑗 ∈ 𝑌𝑁  to its nearest neighbour, 
and 𝑑 is the average of all nearest neighbour distances.

• Spread (𝛥): Spread evaluates how widely the non-dominated so-
lutions are distributed along the Pareto front. Smaller values of 𝛥
show better coverage and more uniform distribution. 

𝛥 =
𝑑𝑓 + 𝑑𝑙 +

∑𝑁𝑃𝐹
𝑖=1

|

|

|

𝑑𝑖 − 𝑑||
|

𝑑𝑓 + 𝑑𝑙 + (𝑁𝑃𝐹 − 1)𝑑
(39)

where 𝑑𝑓  and 𝑑𝑙 denote the Euclidean distances between the 
extreme solutions (first and last points) of 𝑃𝐹optimal and 𝑃𝐹𝑔 , 
respectively. 𝑑𝑖 is the Euclidean distance between the 𝑖th solution 
in 𝑃𝐹𝑔 and the nearest solution in 𝑃𝐹optimal, 𝑑 is the mean of all
𝑑𝑖, and 𝑁𝑃𝐹  is the number of non-dominated solutions in 𝑃𝐹𝑔 .

When 𝛥 = 0, all extreme points of 𝑃𝐹optimal are included, represent-
ing an ideal coverage of the Pareto front.

• Price of Fairness (POF) and Price of Influence (POI):
POF and POI are used to examine the trade-off between two 
objectives. Let 𝜎max and 𝜎min denote the maximum and minimum 
influence spread values of objective 𝑓1. Let 𝐹max,𝑖 and 𝐹min,𝑖 denote 
the maximum and minimum values of the fairness objective 𝑓2. 

POF =
𝜎max − 𝜎min

𝜎max
, (40)

POI =
𝐹max − 𝐹min

𝐹max
. (41)

A smaller POF means that less influence is lost when fairness is im-
proved. A smaller POI means that fairness is satisfied at a lower cost to
influence.

6.2. Experiment 1: Ablation study and parameter sensitivity analysis

For both the ablation study and the parameter sensitivity analysis, 
experiments were conducted on the FB-Pages-Food Network [40] with 
a population size of 𝑝𝑜𝑝 = 100 and a fixed number of iterations, 𝑇 = 100. 
The budget was fixed at 𝑘 = 30, and the activation probability was set to
𝑝 = 0.1. Each configuration was executed 10 times independently, and
the results were averaged. The evaluation considered five performance 
indicators: Hypervolume (𝐻𝑉 ) [37], Inverted Generational Distance 
(𝐼𝐺𝐷) [25,52], Spacing (𝑆𝑃 ) [53], Spread (𝛥) [54], and Computational 
Time (Time).

6.2.1. Ablation study
To assess the contributions of the two add-on mechanisms in our 

proposed FairWolf algorithm, we conduct an ablation study by progres-
sively removing them: the HV-triggered Perturbation Mechanism and
the Explorer-Augmented Leader Selection Mechanism. The number of 
explorer leaders 𝑛explorers and the perturbation ratio 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 are fixed at
2 and 0.15, respectively. Three algorithmic variants are evaluated:

• FMODGWO: baseline version without any additional mecha-
nisms;

• H-FMODGWO: incorporates only the HV-triggered Perturbation 
Mechanism;

• FairWolf(EH-FMODGWO): full version with both mechanisms 
integrated.

Table  5 reports the quantitative results, and Fig.  2 shows the HV
convergence curves (mean ± Std over 10 runs).

Overall, H-FMODGWO improves the optimisation trajectory over 
the baseline FMODGWO, while incorporating both mechanisms (Fair-
Wolf) yields the best front quality and stability. In particular, FairWolf
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Fig. 2. HV-based convergence curves (mean ± Std) of the ablation variants 
on the Food network.

achieves the highest 𝐻𝑉  and the lowest 𝐼𝐺𝐷, together with improved 
𝑆𝑃 , 𝛥 and reduced runtime (Table  5). From the convergence curves 
in Fig.  2, HV-triggered perturbation mainly accelerates early progress, 
whereas the explorer-augmented leader selection further improves the 
search coverage and stabilises convergence, leading to a higher final 
𝐻𝑉 .

6.2.2. Parameter sensitivity analysis
We examine the sensitivity of FairWolf to key design choices from

two perspectives: (i) search dynamics, and (ii) the construction of the 
equity fairness objective. All results are summarised in Tables  6 and 7.

Sensitivity to search parameters. We first investigate two key search 
parameters: the number of explorers and the perturbation ratio. Each 
parameter was examined at three levels, namely 𝑛explorers∈ {0, 1, 2} and
𝑝𝑒𝑟𝑡𝑢𝑟𝑏 ∈ {0.05, 0.10, 0.15}. This resulted in a full factorial design with 
3 × 3 = 9 configurations (𝑆1–𝑆9). The detailed performance of each 
configuration is reported in Table  6.

Overall, 𝑆9 (𝑛explorers = 2, 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 = 0.15) provides a favourable 
balance between Pareto-front quality and computational cost, achiev-
ing relatively higher 𝐻𝑉  and lower 𝐼𝐺𝐷. Therefore, it is adopted as 
the default setting in the subsequent experiments. Once selected, this 
configuration is kept unchanged across all networks and propagation 
probabilities in the main experiments. This setting provides a consistent 
basis for evaluating the generalisation ability of FairWolf across hetero-
geneous network structures and diffusion conditions, while reducing 
the risk of dataset-specific overfitting.

Sensitivity to the fairness weight 𝜆 in objective 2. With the default search 
configuration fixed, we further assess the robustness of the equity 
fairness objective with respect to the weighting parameter 𝜆, which 
balances two complementary fairness components: the Jensen–Shannon 
Divergence similarity 𝐽𝑆sim(𝑃 ,𝑄) and Jain’s fairness index 𝐽𝑎𝑖𝑛(𝑃∕𝑄), 
as defined in Eq. (8). These metrics provide complementary fairness 
interpretations: prioritising global alignment alone may still permit 
local proportional disparities, while focusing solely on proportional 
consistency may tolerate systematic shifts of the overall distribution 
away from the population structure. The weighted combination in (8),
therefore, explicitly controls this trade-off through 𝜆.

In this study, all other algorithmic settings are fixed to the default 
configuration (𝑛explorers = 2, 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 = 0.15), and only 𝜆 is varied with 
three representative settings: Fair1 (𝜆 = 0.3), Fair2 (𝜆 = 0.5), and
Fair3 (𝜆 = 0.7). As reported in Table  7, Fair2 achieves the best overall 
trade-off, obtaining the highest hypervolume (𝐻𝑉 = 0.3422 ± 0.0054) 
while maintaining a low IGD (0.0083±0.0032), together with improved 
spacing (Spacing = 0.001194245). Fair3 yields a slightly lower IGD, a
slightly lower HV, and a higher runtime. Overall, 𝜆 = 0.5 provides a
stable and favourable balance between the two fairness components, 
and is adopted as the default setting in subsequent experiments.
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Table 5
Ablation study results.
 Algorithms IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 FMODGWO 0.0123 ± 0.0054 0.3382 ± 0.0098 0.0020 0.02398 0.2572 ± 0.0159  
 H-FMODGWO 0.0114 ± 0.0035 0.3391 ± 0.0067 0.0029 0.01314 0.3058 ± 0.0118  
 FairWolf(EH-FMODGWO) 0.0111 ± 0.0052 0.3398 ± 0.0126 0.0018 0.0050 0.2238 ± 0.0679 
Table 6
Sensitivity analysis of 𝑛explorers and 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 (S1–S9).
 ID 𝑛explorers 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 S1 0 0.05 0.0119 ± 0.0053 0.3391 ± 0.0070 0.0011 0.0203 0.3093 ± 0.0114  
 S2 1 0.05 0.0115 ± 0.0057 0.3403 ± 0.0093 0.0012 0.0297 0.2705 ± 0.0588  
 S3 2 0.05 0.0107 ± 0.0052 0.3404 ± 0.0072 0.0010 0.0329 0.1648 ± 0.0043 
 S4 0 0.1 0.0123 ± 0.0051 0.3385 ± 0.0085 0.0026 0.0300 0.3171 ± 0.0177  
 S5 1 0.1 0.0116 ± 0.0039 0.3379 ± 0.0059 0.0013 0.0348 0.3220 ± 0.0462  
 S6 2 0.1 0.0109 ± 0.0042 0.3394 ± 0.0077 0.0013 0.0288 0.3271 ± 0.0090  
 S7 0 0.15 0.0113 ± 0.0047 0.3412 ± 0.0070 0.0015 0.0450 0.1759 ± 0.0047  
 S8 1 0.15 0.0121 ± 0.0039 0.3385 ± 0.0054 0.0015 0.0357 0.1919 ± 0.0145  
 S9 2 0.15 0.0085 ± 0.0036 0.3447 ± 0.0078 0.0011 0.0310 0.2025 ± 0.0047  
Table 7
Fairness-weight sensitivity of 𝜆 (Fair1–Fair3).
 ID 𝜆 IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 Fair1 0.3 0.0093 ± 0.0044 0.3387 ± 0.0081 0.001654935 0.004331294 0.1725 ± 0.0320 
 Fair2 0.5 0.0083 ± 0.0032 0.3422 ± 0.0054 0.001194245 0.001591407 0.2066 ± 0.0507  
 Fair3 0.7 0.0072 ± 0.0030 0.3411 ± 0.0060 0.001408903 0.001347406 0.2478 ± 0.0534  
 

 

 
 

 

 

 

 

 

 

6.3. Experiment 2: Comparison with multi-objective IM algorithms

To evaluate the effectiveness of the proposed FairWolf, we compare 
it with several representative multi-objective algorithms across eight 
benchmark networks. The evaluation is carried out under three dif-
ferent propagation probabilities (𝑝 ∈ {0.01, 0.05, 0.1}) to assess perfor-
mance under varying diffusion intensities. Five metrics are considered: 
Hypervolume (𝐻𝑉 ) [37], Inverted Generational Distance (𝐼𝐺𝐷) [25,
52], Spacing (𝑆𝑃 ) [53], Spread (𝛥) [54], and Computational Time 
(Time). All results are averaged over 10 independent runs.

6.3.1. Pareto front quality
Tables  8 to 10 report the quantitative results under 𝑝 ∈ {0.01, 0.05,

0.1}, and Figs.  3 to 5 provide complementary evidence from conver-
gence behaviour and objective-space distributions.

FairWolf shows the strongest overall Pareto-front quality under the 
low propagation probability setting (𝑝 = 0.01). It achieves the best 𝐻𝑉
on five datasets, indicating consistently better coverage of the trade-off 
surface. Meanwhile, FairWolf attains the best 𝐼𝐺𝐷 on Wiki, LastFM,
and Facebook, and remains very close to the best-performing 𝐼𝐺𝐷
method on Rice and Ham, with only marginal differences. These results 
suggest that the improvements in front coverage are largely aligned
with proximity to the reference trade-off surface, rather than being 
obtained by sacrificing convergence. This advantage is particularly 
evident at 𝑝 = 0.01, where diffusion signals are weaker, and the search 
is more prone to stagnation. This observation is consistent with the 
design goal of FairWolf, which strengthens exploration while retaining 
convergence guidance. Its 𝑆𝑃  is generally mid-range, while 𝛥 reaches 
the best value on three datasets and stays close to the best on the 
remaining ones.

Fig.  3 further reveals differences in search dynamics under 𝑝 = 0.01.
On most datasets, FairWolf improves 𝐻𝑉  rapidly in the first 20 to 40
iterations and continues to make steady progress afterwards, whereas 
several baselines exhibit an earlier plateau. This indicates that Fair-
Wolf’s advantage is not only in the final 𝐻𝑉  values, but also in main-
taining effective search throughout the optimisation process. Moreover, 
the shaded regions in Fig.  3 report the standard deviations over inde-
pendent runs, providing an indication of the variability of the search 
process. In the later iterations, the 𝐻𝑉  trajectories remain within a
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relatively stable range for most algorithms. SPEA2 shows more visible 
generation-to-generation oscillations in several cases, while FairWolf
exhibits comparatively smoother late-stage trajectories.

This behaviour is consistent with archive-based multi-objective opti-
misation, where newly generated non-dominated solutions may update 
the external archive and locally adjust the distribution of the approx-
imated Pareto front. For FairWolf, the persistent grid archive and
HV-triggered perturbation mechanism help maintain diversity while 
reducing premature stagnation. As a result, FairWolf maintains active 
search progress in the early and middle stages and remains relatively 
stable near the terminal generations. Together with the mean and
standard deviation values reported in Tables  8 to 10, these results 
indicate stable search behaviour across repeated runs.

As the propagation probability increases to 𝑝 = 0.05, FairWolf re-
mains consistently competitive. It obtains the best 𝐻𝑉  on four datasets, 
and ranks near the top on the remaining networks (typically second or 
third), with small gaps to the best results. A similar pattern is observed 
for 𝐼𝐺𝐷, where FairWolf achieves the best values on two datasets and
remains in the mid-to-top range elsewhere. For 𝑆𝑃 , FairWolf attains 
the best performance on two datasets and stays close to the best on the 
remaining ones, while 𝛥 is generally ranked second, reflecting stable 
front extent across networks. In this setting, MOEA/D and SPEA2 fre-
quently appear among the strongest competitors. However, when either 
baseline achieves the best performance on a dataset, FairWolf remains 
within the top-ranked group, indicating no pronounced performance 
degradation across networks.

Under the highest propagation probability setting (𝑝 = 0.1), Fair-
Wolf continues to achieve the best 𝐻𝑉  on four datasets. MOEA/D 
becomes the closest competitor in this setting and attains the best 
𝐻𝑉  on three datasets, while FairWolf’s 𝐼𝐺𝐷 results are mostly ranked 
second, suggesting that its obtained fronts remain close to the reference 
set even under more intensive propagation. The 𝑆𝑃  and 𝛥 results 
are generally mid-range, which is consistent with the reduced dis-
crimination of distributional indicators when propagation is strong. In
this setting, stronger propagation reduces evaluation noise and makes 
convergence-oriented strategies more competitive, which explains the 
narrower gaps among leading baselines.

We summarise the results using an average ranking analysis in Table
11. For each propagation probability, algorithms are ranked on each 
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dataset according to each Pareto-front quality indicator. A larger value
is preferred for 𝐻𝑉 , whereas smaller values are preferred for 𝐼𝐺𝐷, 
𝑆𝑃 , and 𝛥. The average rank is then computed across all datasets and
indicators under the same propagation probability, and the overall rank 
is obtained by averaging across the three probability settings. A smaller
rank indicates better overall performance.

As shown in Table  11, FairWolf obtains the best overall average rank 
among the compared algorithms. It ranks first under 𝑝 = 0.01 and 𝑝 =
0.05, and remains competitive under 𝑝 = 0.1, where MOEA/D achieves 
the best average rank. This result indicates that FairWolf does not rely 
on isolated metric-level wins, but provides strong overall Pareto-front 
quality across heterogeneous networks and propagation settings.

Fig.  4 compares FairWolf solutions with a reference (True) Pareto 
front under 𝑝 = 0.01. The reference front is constructed by pooling the 
final Pareto-optimal sets from all compared algorithms and extracting 
the non-dominated subset from their union. In this comparison, strong 
performance is characterised by solutions that remain close to the 
reference trade-off curve while covering a wide range along the spread-
fairness trade-off. Fig.  5 further shows that FairWolf typically produces 
a broader and more evenly populated set of non-dominated solutions, 
whereas some baselines concentrate on limited regions of the objective 
space.

To provide an interpretable view of fairness beyond Pareto-front 
indicators, we examine community-level allocation bias on the Ham
network under 𝑝 = 0.1. For a seed set, the evaluator returns the 
realised activation-share distribution 𝑃 = {𝑃𝑗} and the population-
share reference 𝑄 = {𝑄𝑗} (defined in Section 4.3). We define the signed 
allocation bias as 𝛿𝑗 = 𝑃𝑗 − 𝑄𝑗 , where 𝛿𝑗 > 0 indicates over-allocation 
and 𝛿𝑗 < 0 indicates under-allocation.

We summarise the worst community mismatch of a solution by the
Worst-case Allocation Deviation 

𝐴𝐷(𝑠) = max
𝑗

|𝛿𝑗 | = max
𝑗

|𝑃𝑗 −𝑄𝑗 |. (42)

For each run, we compute 𝑊𝐴𝐷(𝑠) for all solutions in the final
Pareto set and report the PF-set median as a robust run-level summary. 
Fig.  6 shows that MOEA/D achieves the lowest median 𝑊𝐴𝐷, while
FairWolf is a close second with a compact interquartile range, indicat-
ing consistently small worst-case deviations across runs. Fig.  7 visu-
alises the PF-set median signed deviation vector 𝛿𝑗 , obtained by taking
the median of 𝛿𝑗 over Pareto solutions within a run. FairWolf exhibits 
a more balanced pattern with most communities staying near zero 
deviation and no pronounced over-/under-allocation bands, whereas 
several baselines show stronger positive/negative patches concentrated 
on a subset of communities.

6.3.2. Runtime analysis
Tables  8 to 10 report the average runtime per run (mean±Std)

under different propagation probabilities. Overall, the runtime of all
algorithms increases with 𝑝, because the diffusion evaluation cost 𝑓eval
becomes higher when more activations occur. This effect is shared by
all methods, since diffusion simulation dominates the evaluation stage.

Across datasets, FairWolf exhibits moderate runtime and is compa-
rable to other set-based archive-driven optimisers (e.g., SetMOGWO).
This observation is consistent with the complexity analysis. FairWolf
has the same dominant cost components as the baselines, namely the 
population-level evaluation term 𝑛 ⋅ 𝑓eval and archive maintenance, 
whereas its additional HV-stagnation check only scans a short win-
dow and is activated only occasionally. By contrast, SPEA2 can be 
slower on several datasets, consistent with its fitness assignment and
density estimation performed on the union of the population and
archive (𝑛 + 𝑚). MOEA/D typically shows moderate runtime, as its 
neighbourhood-based replacement operates with a small neighbour-
hood size and relatively lightweight selection.

Overall, the proposed mechanisms of FairWolf improve search be-
haviour without introducing prohibitive overhead in practice, and the 
runtime trend is primarily governed by the diffusion evaluation cost, 
which is common to all methods.
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6.3.3. 2-hop diffusion vs. full IC diffusion
In the main experiments, we adopt a 2-hop diffusion evaluation 

as a computationally efficient approximation for repeated influence 
simulations during population-based optimisation. This setting allows 
all algorithms to be evaluated consistently across multiple networks, 
propagation probabilities, and independent runs. To further examine 
whether the use of a finite diffusion horizon affects the main compar-
ative conclusions, we compare the 2-hop setting with full IC diffusion, 
where the cascade is allowed to propagate until no further activations 
occur.

We conduct this comparison on the Ham network under three prop-
agation probabilities 𝑝 ∈ {0.01, 0.05, 0.1}. The Ham network is used as 
a representative benchmark because it has a moderate scale and a non-
trivial community structure, making full IC evaluation computationally 
feasible while still meaningful for assessing community-level diffusion 
behaviour. All algorithms are evaluated under the same Monte Carlo
budget and are repeated 10 times. Table  12 reports the results under 
full IC. The corresponding 2-hop results are reported in the main
comparison tables (Tables  8 to 10), and this section uses full IC as a
consistency check to assess whether the 2-hop approximation changes 
the comparative conclusions.

In summary, the full-IC outcomes exhibit the same performance 
pattern as the 2-hop setting used in the main study. The relative 
competitiveness of algorithms remains stable, and the advantages ob-
served for FairWolf are preserved. Under full IC, FairWolf achieves 
the best hypervolume in all three probability settings, indicating that 
its non-dominated set maintains strong coverage of the spread-fairness 
trade-off surface. FairWolf also remains competitive in convergence 
quality measured by 𝐼𝐺𝐷. While the best 𝐼𝐺𝐷 is obtained by other 
baselines for 𝑝 = 0.01 and 𝑝 = 0.05, FairWolf stays close to the 
best values and becomes the best-performing method at 𝑝 = 0.1. The 
distributional indicators (𝑆𝑃  and 𝛥) show no abnormal degradation 
for FairWolf under full IC, suggesting that its improved coverage is not 
achieved by producing irregular or unstable fronts.

6.3.4. Fairness-influence trade-off analysis
Figs.  8 and 9 present the Price of Fairness (POF) and Price of 

Influence (POI) across all datasets under activation probability 𝑝 = 0.01.
FairWolf achieves the lowest POF and POI values on most datasets, 
ranking second only on Facebook and Wikipedia, where GFMOGWO per-
forms best. However, FairWolf delivers substantially better spacing and
spread on these networks. This indicates that although our algorithm 
incurs slightly higher trade-off costs in these two cases, it yields a more 
diverse and evenly distributed set of Pareto solutions, resulting in a
more balanced optimisation outcome overall.

6.3.5. Robustness analysis
In practical settings, diffusion intensity, evaluation approximations, 

and model parameters may vary. We therefore assess whether the 
comparative conclusions of FairWolf remain stable under these varia-
tions. Across 𝑝 ∈ {0.01, 0.05, 0.1} and eight networks, FairWolf remains 
consistently competitive without pronounced performance degradation. 
The convergence curves further indicate stable optimisation behaviour 
across runs (Tables  8 to 10 and Fig.  3).

To verify that the 2-hop diffusion approximation does not alter the 
comparative conclusions, we further compare against a full IC simula-
tion on the Ham network. The full-IC results exhibit the same relative 
performance pattern and preserve FairWolf’s advantages (Section 6.3.3
and Table  12).

Robustness is also supported by sensitivity studies. The default 
settings for 𝑛explorers and 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 provide a strong trade-off across config-
urations (Table  6), and the fairness-weight analysis (Fair1-Fair3) shows 
that the joint fairness objective remains effective under reasonable 
re-weighting, with 𝜆 = 0.5 yielding the most reliable performance.

Finally, the per-community fairness analysis on Ham (𝑝 = 0.1)
shows stable worst-case deviations across runs, with no pronounced 
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Fig. 3. HV-based convergence curves (mean ± Std) across 8 datasets (𝑝 = 0.01).
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Fig. 4. Comparison between FairWolf solutions and the True PF (𝑝 = 0.01).
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Fig. 5. Comparison of PF distributions among algorithms (𝑝 = 0.01).
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Table 8
Mean and Std values of evaluation metrics for all algorithms across all networks (k = 30, p = 0.01, Best results in bold).
 Datasets Algorithm IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 

Dolphin

GFMOGWO 0.0074 ± 0.0022 0.6978 ± 0.0031 0.0007 0.0058 0.1069 ± 0.0248  
 MODBA 0.0045 ± 0.0010 0.7049 ± 0.0011 0.0030 0.0045 0.0480 ± 0.0082  
 MODPSO 0.0020 ± 0.0004 0.7070 ± 0.0014 0.0007 0.0028 0.0434 ± 0.0119  
 SetMOGWO 0.0030 ± 0.0010 0.7075 ± 0.0019 0.0012 0.0028 0.0410 ± 0.0122 
 MOEA/D 0.0029 ± 0.0012 0.7069 ± 0.0027 0.0011 0.0011 0.0723 ± 0.0094  
 SPEA2 0.0022 ± 0.0009 0.6970 ± 0.0023 0.0015 0.0006 0.2472 ± 0.0130  
 FairWolf 0.0031 ± 0.0008 0.7071 ± 0.0026 0.0014 0.0051 0.0530 ± 0.0153  
 

Facebook

GFMOGWO 0.0138 ± 0.0056 0.0282 ± 0.0015 0.0014 0.0119 1.4486 ± 0.7098  
 MODBA 0.0395 ± 0.0063 0.0244 ± 0.0009 0.0056 0.0466 0.8981 ± 0.4552  
 MODPSO 0.0106 ± 0.0016 0.0286 ± 0.0014 0.0012 0.0244 1.1521 ± 0.5671  
 SetMOGWO 0.0151 ± 0.0072 0.0300 ± 0.0020 0.0020 0.0156 1.1694 ± 0.5073  
 MOEA/D 0.0200 ± 0.0072 0.0206 ± 0.0018 0.0013 0.0105 0.8856 ± 0.4794  
 SPEA2 0.0178 ± 0.0064 0.0243 ± 0.0037 0.0029 0.0161 0.7919 ± 0.1479 
 FairWolf 0.0098 ± 0.0044 0.0320 ± 0.0015 0.0025 0.0000 1.5464 ± 0.8675  
 

Email

GFMOGWO 0.0058 ± 0.0021 0.0868 ± 0.0045 0.0012 0.0075 0.6133 ± 0.1457  
 MODBA 0.0145 ± 0.0015 0.0794 ± 0.0017 0.0032 0.0255 0.4137 ± 0.1183 
 MODPSO 0.0069 ± 0.0017 0.0841 ± 0.0040 0.0010 0.0042 0.4944 ± 0.1675  
 SetMOGWO 0.0054 ± 0.0016 0.0900 ± 0.0038 0.0010 0.0029 0.4849 ± 0.1354  
 MOEA/D 0.0100 ± 0.0031 0.0794 ± 0.0051 0.0010 0.0118 0.4276 ± 0.1100  
 SPEA2 0.0095 ± 0.0049 0.0768 ± 0.0065 0.0083 0.0076 0.7256 ± 0.3364  
 FairWolf 0.0061 ± 0.0016 0.0884 ± 0.0038 0.0013 0.0054 0.5451 ± 0.1918  
 

Food

GFMOGWO 0.0067 ± 0.0022 0.1051 ± 0.0021 0.0035 0.0097 0.2114 ± 0.0571  
 MODBA 0.0146 ± 0.0009 0.1058 ± 0.0009 0.0052 0.0405 0.1196 ± 0.0309  
 MODPSO 0.0050 ± 0.0014 0.1089 ± 0.0012 0.0031 0.0009 0.1143 ± 0.0328  
 SetMOGWO 0.0056 ± 0.0013 0.1085 ± 0.0011 0.0008 0.0179 0.1051 ± 0.0295 
 MOEA/D 0.0078 ± 0.0013 0.1037 ± 0.0014 0.0012 0.0055 0.1588 ± 0.0319  
 SPEA2 0.0068 ± 0.0016 0.1026 ± 0.0018 0.0027 0.0042 0.3222 ± 0.0366  
 FairWolf 0.0067 ± 0.0013 0.1082 ± 0.0017 0.0040 0.0110 0.1278 ± 0.0323  
 

Ham

GFMOGWO 0.0250 ± 0.0074 0.0258 ± 0.0010 0.0008 0.0259 0.3536 ± 0.0219  
 MODBA 0.0412 ± 0.0054 0.0231 ± 0.0005 0.0016 0.0686 0.2497 ± 0.0686  
 MODPSO 0.0166 ± 0.0080 0.0268 ± 0.0012 0.0027 0.0099 0.2376 ± 0.0167  
 SetMOGWO 0.0179 ± 0.0050 0.0261 ± 0.0011 0.0026 0.0211 0.2126 ± 0.0194  
 MOEA/D 0.0181 ± 0.0052 0.0219 ± 0.0006 0.0025 0.0205 0.2113 ± 0.0370 
 SPEA2 0.0228 ± 0.0122 0.0228 ± 0.0028 0.0148 0.0254 0.4218 ± 0.0468  
 FairWolf 0.0178 ± 0.0076 0.0274 ± 0.0010 0.0022 0.0000 0.2956 ± 0.0532  
 

LastFM

GFMOGWO 0.0334 ± 0.0188 0.0094 ± 0.0005 0.0015 0.0613 0.3557 ± 0.0710  
 MODBA 0.0707 ± 0.0070 0.0082 ± 0.0001 0.0059 0.1237 0.3144 ± 0.0639  
 MODPSO 0.0238 ± 0.0116 0.0094 ± 0.0006 0.0016 0.0745 0.1923 ± 0.0440  
 SetMOGWO 0.0177 ± 0.0062 0.0096 ± 0.0002 0.0011 0.0237 0.1771 ± 0.0350  
 MOEA/D 0.0327 ± 0.0103 0.0078 ± 0.0004 0.0011 0.0404 0.1257 ± 0.0105 
 SPEA2 0.0435 ± 0.0522 0.0079 ± 0.0010 0.0065 0.0461 0.3177 ± 0.0339  
 FairWolf 0.0164 ± 0.0088 0.0097 ± 0.0005 0.0024 0.0217 0.2165 ± 0.0426  
 

Wiki

GFMOGWO 0.0048 ± 0.0016 0.0365 ± 0.0023 0.0004 0.0083 1.7236 ± 0.4642  
 MODBA 0.0118 ± 0.0010 0.0320 ± 0.0010 0.0012 0.0121 1.1060 ± 0.3770 
 MODPSO 0.0062 ± 0.0014 0.0349 ± 0.0019 0.0004 0.0064 1.3835 ± 0.4368  
 SetMOGWO 0.0052 ± 0.0021 0.0371 ± 0.0031 0.0006 0.0069 1.4626 ± 0.4890  
 MOEA/D 0.0045 ± 0.0021 0.0378 ± 0.0041 0.0005 0.0055 1.1086 ± 0.1966  
 SPEA2 0.0039 ± 0.0017 0.0375 ± 0.0029 0.0007 0.0064 1.2045 ± 0.1407  
 FairWolf 0.0036 ± 0.0010 0.0393 ± 0.0022 0.0011 0.0058 1.6706 ± 0.5842  
 

Rice

GFMOGWO 0.0037 ± 0.0013 0.0491 ± 0.0028 0.0004 0.0051 4.1600 ± 0.2454  
 MODBA 0.0122 ± 0.0012 0.0398 ± 0.0009 0.0009 0.0171 2.8204 ± 0.1978  
 MODPSO 0.0042 ± 0.0008 0.0479 ± 0.0013 0.0003 0.0047 3.5178 ± 0.2907  
 SetMOGWO 0.0035 ± 0.0009 0.0495 ± 0.0021 0.0006 0.0041 3.5969 ± 0.2002  
 MOEA/D 0.0045 ± 0.0034 0.0488 ± 0.0060 0.0012 0.0027 2.0287 ± 0.6590 
 SPEA2 0.0051 ± 0.0014 0.0439 ± 0.0020 0.0005 0.0062 2.4615 ± 0.6019  
 FairWolf 0.0036 ± 0.0012 0.0497 ± 0.0026 0.0004 0.0055 4.0919 ± 0.4233  
systematic over-/under-allocation concentrated in a small subset of 
communities (Figs.  6 to 7).

Overall, these results suggest that FairWolf exhibits robust perfor-
mance and fairness behaviour under the main sources of variation 
considered in this study.

7. Conclusion and future work

In this paper, we formulated the Fair Multi-objective Influence Max-
imisation (FMOIM) problem, which extends classical influence max-
imisation by jointly optimising influence spread and fairness. Instead 
of using a single fairness proxy, we model equity fairness at the com-
munity level as the alignment between the realised diffusion-benefit 
17 
distribution and a desired reference allocation. Jensen–Shannon diver-
gence (JSD) captures distributional deviation from the reference, while 
Jain’s fairness index characterises the evenness of benefit allocation 
among communities. This formulation provides an explicit and mea-
surable way to study the spread-fairness trade-off under a fixed seed 
budget.

To address FMOIM, we propose FairWolf, a problem-driven discrete 
multi-objective optimisation model that reformulates Grey Wolf Opti-
miser dynamics to search directly over fixed-budget seed sets under 
community-level fairness objectives. FairWolf is designed around the 
seed-set decision space and the fairness-aware objective structure, so 
that the search naturally produces diverse Pareto-optimal seed sets that 
balance diffusion effectiveness and equitable allocation. It combines 
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Table 9
Mean and Std values of evaluation metrics for all algorithms across all networks (k = 30, p = 0.05, Best results in bold).
 Datasets Algorithm IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 

Dolphin

GFMOGWO 0.0060 ± 0.0030 0.7766 ± 0.0075 0.0015 0.0045 0.1042 ± 0.0111  
 MODBA 0.0051 ± 0.0021 0.7870 ± 0.0044 0.0017 0.0048 0.0490 ± 0.0020  
 MODPSO 0.0068 ± 0.0031 0.7878 ± 0.0037 0.0004 0.0033 0.0450 ± 0.0046  
 SetMOGWO 0.0087 ± 0.0052 0.7886 ± 0.0061 0.0013 0.0122 0.0395 ± 0.0030  
 MOEA/D 0.0067 ± 0.0036 0.7884 ± 0.0027 0.0012 0.0041 0.0809 ± 0.0120  
 SPEA2 0.0048 ± 0.0039 0.7710 ± 0.0066 0.0006 0.0020 0.2544 ± 0.0120  
 FairWolf 0.0172 ± 0.0124 0.7895 ± 0.0046 0.0017 0.0200 0.0507 ± 0.0040  
 

Facebook

GFMOGWO 0.0291 ± 0.0091 0.1991 ± 0.0168 0.0028 0.0322 4.9387 ± 1.1279  
 MODBA 0.0659 ± 0.0052 0.1707 ± 0.0063 0.0032 0.0599 2.8622 ± 0.5301  
 MODPSO 0.0328 ± 0.0091 0.1894 ± 0.0110 0.0027 0.0340 3.6661 ± 0.8664  
 SetMOGWO 0.0335 ± 0.0074 0.1922 ± 0.0094 0.0022 0.0498 3.4332 ± 0.7439  
 MOEA/D 0.0398 ± 0.0191 0.1798 ± 0.0186 0.0026 0.0244 1.4808 ± 0.3417  
 SPEA2 0.0176 ± 0.0095 0.1992 ± 0.0165 0.0014 0.0160 1.9048 ± 0.1836  
 FairWolf 0.0320 ± 0.0106 0.1921 ± 0.0167 0.0021 0.0206 4.0039 ± 0.8709  
 

Email

GFMOGWO 0.0182 ± 0.0062 0.3942 ± 0.0116 0.0012 0.0321 1.9594 ± 0.0832  
 MODBA 0.0442 ± 0.0059 0.3590 ± 0.0073 0.0040 0.0588 1.3369 ± 0.0565  
 MODPSO 0.0184 ± 0.0063 0.3948 ± 0.0124 0.0011 0.0151 1.6980 ± 0.1434  
 SetMOGWO 0.0156 ± 0.0061 0.3999 ± 0.0122 0.0012 0.0100 1.6077 ± 0.0766  
 MOEA/D 0.0088 ± 0.0035 0.4153 ± 0.0099 0.0019 0.0081 0.8397 ± 0.0562  
 SPEA2 0.0210 ± 0.0099 0.3820 ± 0.0184 0.0012 0.0319 0.9292 ± 0.0505  
 FairWolf 0.0163 ± 0.0048 0.4040 ± 0.0112 0.0017 0.0443 1.7774 ± 0.1180  
 

Food

GFMOGWO 0.0089 ± 0.0027 0.2044 ± 0.0061 0.0019 0.0139 0.4007 ± 0.0570  
 MODBA 0.0218 ± 0.0027 0.1975 ± 0.0027 0.0043 0.0327 0.2485 ± 0.0235  
 MODPSO 0.0075 ± 0.0029 0.2076 ± 0.0057 0.0021 0.0000 0.2500 ± 0.0457  
 SetMOGWO 0.0074 ± 0.0026 0.2067 ± 0.0054 0.0017 0.0058 0.2316 ± 0.0209  
 MOEA/D 0.0102 ± 0.0028 0.2028 ± 0.0046 0.0019 0.0097 0.1700 ± 0.0121  
 SPEA2 0.0107 ± 0.0033 0.1919 ± 0.0043 0.0025 0.0051 0.3248 ± 0.0194  
 FairWolf 0.0081 ± 0.0019 0.2085 ± 0.0037 0.0013 0.0209 0.2695 ± 0.0319  
 

Ham

GFMOGWO 0.0217 ± 0.0089 0.1272 ± 0.0059 0.0018 0.0164 1.2503 ± 0.1861  
 MODBA 0.0656 ± 0.0047 0.1023 ± 0.0030 0.0029 0.0815 0.7238 ± 0.0939  
 MODPSO 0.0295 ± 0.0099 0.1201 ± 0.0071 0.0024 0.0397 0.9484 ± 0.1394  
 SetMOGWO 0.0218 ± 0.0072 0.1261 ± 0.0067 0.0020 0.0127 0.8989 ± 0.1160  
 MOEA/D 0.0310 ± 0.0081 0.1141 ± 0.0093 0.0020 0.0210 0.3896 ± 0.0475  
 SPEA2 0.0232 ± 0.0121 0.1219 ± 0.0072 0.0029 0.0179 0.6187 ± 0.0611  
 FairWolf 0.0191 ± 0.0094 0.1275 ± 0.0071 0.0025 0.0000 1.0056 ± 0.1847  
 

LastFM

GFMOGWO 0.0147 ± 0.0048 0.0372 ± 0.0019 0.0011 0.0180 0.5361 ± 0.0551  
 MODBA 0.0291 ± 0.0023 0.0278 ± 0.0012 0.0031 0.0308 0.3671 ± 0.0234  
 MODPSO 0.0119 ± 0.0029 0.0346 ± 0.0026 0.0021 0.0048 0.3340 ± 0.0350  
 SetMOGWO 0.0113 ± 0.0034 0.0360 ± 0.0024 0.0011 0.0198 0.3286 ± 0.0493  
 MOEA/D 0.0169 ± 0.0039 0.0266 ± 0.0036 0.0015 0.0225 0.2083 ± 0.0241  
 SPEA2 0.0219 ± 0.0188 0.0304 ± 0.0086 0.0048 0.0084 0.4226 ± 0.0788  
 FairWolf 0.0091 ± 0.0018 0.0384 ± 0.0023 0.0023 0.0069 0.3994 ± 0.0399  
 

Wiki

GFMOGWO 0.0202 ± 0.0028 0.2761 ± 0.0111 0.0007 0.0641 7.2760 ± 0.4126  
 MODBA 0.0323 ± 0.0027 0.2439 ± 0.0049 0.0024 0.0507 4.6227 ± 0.2612  
 MODPSO 0.0207 ± 0.0051 0.2642 ± 0.0123 0.0008 0.0447 5.7122 ± 0.5467  
 SetMOGWO 0.0159 ± 0.0031 0.2727 ± 0.0116 0.0008 0.0256 5.4532 ± 0.4263  
 MOEA/D 0.0158 ± 0.0078 0.3273 ± 0.0114 0.0036 0.0286 3.8689 ± 0.1936  
 SPEA2 0.0137 ± 0.0061 0.2914 ± 0.0153 0.0007 0.0347 3.0281 ± 0.2867  
 FairWolf 0.0178 ± 0.0043 0.2743 ± 0.0116 0.0006 0.0411 6.5359 ± 0.6674  
 

Rice

GFMOGWO 0.0307 ± 0.0078 0.4094 ± 0.0172 0.0012 0.0276 10.9338 ± 1.7995 
 MODBA 0.0672 ± 0.0029 0.3523 ± 0.0037 0.0025 0.0811 6.8409 ± 1.9835  
 MODPSO 0.0294 ± 0.0048 0.4095 ± 0.0095 0.0050 0.0560 9.7098 ± 1.8284  
 SetMOGWO 0.0370 ± 0.0077 0.3967 ± 0.0123 0.0009 0.0377 9.4331 ± 0.6581  
 MOEA/D 0.0350 ± 0.0142 0.4669 ± 0.0136 0.0047 0.0082 11.2371 ± 0.7543 
 SPEA2 0.0278 ± 0.0088 0.4347 ± 0.0197 0.0025 0.0195 9.7565 ± 0.8766  
 FairWolf 0.0318 ± 0.0073 0.4210 ± 0.0189 0.0013 0.0262 10.8342 ± 1.7873 
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Table 10
Mean and Std values of evaluation metrics for all algorithms across all networks (k = 30, p = 0.1, Best results in bold).
 Datasets Algorithm IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 

Dolphin

GFMOGWO 0.0114 ± 0.0051 0.8506 ± 0.0088 0.0009 0.0222 0.1904 ± 0.0337  
 MODBA 0.0092 ± 0.0054 0.8564 ± 0.0038 0.0021 0.0202 0.0722 ± 0.0206  
 MODPSO 0.0074 ± 0.0059 0.8593 ± 0.0054 0.0023 0.0034 0.0652 ± 0.0194  
 SetMOGWO 0.0096 ± 0.0056 0.8646 ± 0.0069 0.0015 0.0005 0.0692 ± 0.0189  
 MOEA/D 0.0073 ± 0.0057 0.8655 ± 0.0037 0.0010 0.0034 0.1524 ± 0.0365  
 SPEA2 0.0102 ± 0.0084 0.8460 ± 0.0089 0.0018 0.0008 0.4975 ± 0.0163  
 FairWolf 0.0212 ± 0.0157 0.8675 ± 0.0060 0.0028 0.0144 0.0552 ± 0.0033  
 

Facebook

GFMOGWO 0.0414 ± 0.0132 0.4014 ± 0.0215 0.0039 0.0266 3.2575 ± 0.2350  
 MODBA 0.0778 ± 0.0070 0.3720 ± 0.0127 0.0037 0.0975 4.2882 ± 1.3094  
 MODPSO 0.0429 ± 0.0164 0.3913 ± 0.0256 0.0021 0.0295 5.1868 ± 1.1519  
 SetMOGWO 0.0452 ± 0.0135 0.3909 ± 0.0179 0.0017 0.0502 4.4347 ± 1.4532  
 MOEA/D 0.0369 ± 0.0168 0.4018 ± 0.0330 0.0023 0.0207 2.8791 ± 0.7589  
 SPEA2 0.0291 ± 0.0119 0.4146 ± 0.0289 0.0023 0.0000 3.2447 ± 1.0529  
 FairWolf 0.0332 ± 0.0115 0.4187 ± 0.0160 0.0017 0.0367 3.2152 ± 0.5080  
 

Email

GFMOGWO 0.0195 ± 0.0067 0.6638 ± 0.0093 0.0006 0.0430 2.0963 ± 0.4540  
 MODBA 0.0509 ± 0.0050 0.6261 ± 0.0051 0.0049 0.0536 1.2165 ± 0.2041  
 MODPSO 0.0232 ± 0.0068 0.6584 ± 0.0079 0.0023 0.0184 1.3926 ± 0.2126  
 SetMOGWO 0.0214 ± 0.0077 0.6633 ± 0.0110 0.0020 0.0348 1.3406 ± 0.2289  
 MOEA/D 0.0109 ± 0.0027 0.6841 ± 0.0073 0.0004 0.0412 1.1230 ± 0.0603  
 SPEA2 0.0299 ± 0.0250 0.6380 ± 0.0532 0.0016 0.0081 1.1162 ± 0.1380  
 FairWolf 0.0192 ± 0.0090 0.6682 ± 0.0128 0.0025 0.0327 1.9964 ± 0.2346  
 

Food

GFMOGWO 0.0120 ± 0.0015 0.3353 ± 0.0063 0.0011 0.0291 0.3880 ± 0.0982  
 MODBA 0.0252 ± 0.0018 0.3208 ± 0.0040 0.0018 0.0409 0.2782 ± 0.0396  
 MODPSO 0.0103 ± 0.0034 0.3401 ± 0.0112 0.0017 0.0077 0.2712 ± 0.0503  
 SetMOGWO 0.0114 ± 0.0035 0.3379 ± 0.0087 0.0016 0.0109 0.2543 ± 0.0480  
 MOEA/D 0.0098 ± 0.0018 0.3419 ± 0.0048 0.0012 0.0111 0.2479 ± 0.0527  
 SPEA2 0.0120 ± 0.0040 0.3271 ± 0.0103 0.0007 0.0068 0.4441 ± 0.1054  
 FairWolf 0.0153 ± 0.0054 0.3422 ± 0.0054 0.0012 0.0274 0.2066 ± 0.0507  
 

Ham

GFMOGWO 0.0196 ± 0.0071 0.2907 ± 0.0118 0.0015 0.0535 1.0517 ± 0.1724  
 MODBA 0.0967 ± 0.0083 0.2290 ± 0.0027 0.0031 0.0699 1.0130 ± 0.2137  
 MODPSO 0.0329 ± 0.0069 0.2770 ± 0.0072 0.0019 0.0138 1.4335 ± 0.2347  
 SetMOGWO 0.0229 ± 0.0074 0.2880 ± 0.0099 0.0025 0.0450 1.3476 ± 0.2570  
 MOEA/D 0.0331 ± 0.0107 0.2775 ± 0.0125 0.0020 0.0332 0.6863 ± 0.0397  
 SPEA2 0.0203 ± 0.0110 0.2889 ± 0.0129 0.0023 0.0388 0.8903 ± 0.0745  
 FairWolf 0.0211 ± 0.0063 0.2888 ± 0.0089 0.0024 0.0578 0.9254 ± 0.1711  
 

LastFM

GFMOGWO 0.0120 ± 0.0026 0.0869 ± 0.0026 0.0018 0.0214 0.9212 ± 0.2702  
 MODBA 0.0353 ± 0.0013 0.0660 ± 0.0030 0.0024 0.0287 0.6879 ± 0.1647  
 MODPSO 0.0143 ± 0.0027 0.0833 ± 0.0041 0.0013 0.0152 0.7625 ± 0.1791  
 SetMOGWO 0.0147 ± 0.0048 0.0828 ± 0.0072 0.0019 0.0173 0.6779 ± 0.2244  
 MOEA/D 0.0183 ± 0.0084 0.0772 ± 0.0116 0.0014 0.0154 0.3828 ± 0.0412  
 SPEA2 0.0212 ± 0.0186 0.0762 ± 0.0216 0.0031 0.0110 0.6094 ± 0.1203  
 FairWolf 0.0104 ± 0.0026 0.0881 ± 0.0036 0.0020 0.0133 0.7913 ± 0.1845  
 

Wiki

GFMOGWO 0.1357 ± 0.0137 0.5424 ± 0.0148 0.0005 0.1706 12.3681 ± 1.0281  
 MODBA 0.0563 ± 0.0103 0.4810 ± 0.0067 0.0034 0.0579 6.2818 ± 1.7139  
 MODPSO 0.0623 ± 0.0401 0.5240 ± 0.0196 0.0019 0.0426 8.4204 ± 2.6604  
 SetMOGWO 0.0533 ± 0.0386 0.5183 ± 0.0204 0.0012 0.0182 7.4363 ± 2.1583  
 MOEA/D 0.1592 ± 0.0057 0.5846 ± 0.0066 0.0005 0.1716 8.5593 ± 2.4783  
 SPEA2 0.1203 ± 0.0530 0.5573 ± 0.0245 0.0111 0.0278 6.9919 ± 2.6848  
 FairWolf 0.1022 ± 0.0549 0.5400 ± 0.0257 0.0020 0.0312 10.8054 ± 1.7316  
 

Rice

GFMOGWO 0.0169 ± 0.0076 0.7442 ± 0.0084 0.0031 0.0053 14.2354 ± 4.0043  
 MODBA 0.0944 ± 0.0054 0.6658 ± 0.0054 0.0012 0.1552 10.0876 ± 2.6077 
 MODPSO 0.0396 ± 0.0129 0.7209 ± 0.0129 0.0008 0.0394 13.4392 ± 4.4322  
 SetMOGWO 0.0335 ± 0.0112 0.7270 ± 0.0112 0.0005 0.0330 13.8599 ± 3.4352  
 MOEA/D 0.0047 ± 0.0009 0.7635 ± 0.0040 0.0002 0.0019 12.4462 ± 3.6568  
 SPEA2 0.0330 ± 0.0378 0.7221 ± 0.0453 0.0033 0.0244 10.2405 ± 4.1268  
 FairWolf 0.0183 ± 0.0047 0.7426 ± 0.0059 0.0035 0.0270 14.4553 ± 3.4396  
Table 11
Average ranking of algorithms across datasets and Pareto-front quality indicators under different 
𝑝 values. A smaller rank indicates better overall performance.
 Algorithm 𝑝 = 0.01 𝑝 = 0.05 𝑝 = 0.1 Overall 
 GFMOGWO 3.94 3.59 3.66 3.73  
 MODBA 6.25 6.41 6.31 6.32  
 MODPSO 3.00 3.97 3.84 3.60  
 SetMOGWO 2.97 3.34 3.88 3.40  
 MOEA/D 3.88 3.88 2.91 3.55  
 SPEA2 5.00 3.59 3.75 4.11  
 FairWolf 2.88 3.22 3.63 3.24  
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Table 12
Ham network: full IC results under 𝑝 ∈ {0.01, 0.05, 0.1}.
 Full IC Algorithm IGD (𝜇 ± 𝛿) HV (𝜇 ± 𝛿) Spacing Spread Time (𝜇 ± 𝛿)  
 

p = 0.01

GFMOGWO 0.0157 ± 0.0073 0.0285 ± 0.0014 0.0013 0.0177 0.3151 ± 0.0619  
 MODBA 0.0394 ± 0.0070 0.0255 ± 0.0007 0.0029 0.0560 0.2048 ± 0.0190  
 MODPSO 0.0137 ± 0.0046 0.0292 ± 0.0017 0.0015 0.0078 0.1894 ± 0.0197  
 SetMOGWO 0.0130 ± 0.0045 0.0292 ± 0.0010 0.0014 0.0185 0.1872 ± 0.0301 
 MOEA-D 0.0186 ± 0.0036 0.0248 ± 0.0010 0.0011 0.0225 0.2133 ± 0.0573  
 SPEA2 0.0197 ± 0.0093 0.0240 ± 0.0019 0.0010 0.0231 0.4239 ± 0.0830  
 FairWolf 0.0167 ± 0.0048 0.0294 ± 0.0011 0.0041 0.0160 0.2461 ± 0.0707  
 

p = 0.05

GFMOGWO 0.0162 ± 0.0061 0.3317 ± 0.0036 0.0023 0.0191 2.1163 ± 0.5303  
 MODBA 0.0501 ± 0.0049 0.3203 ± 0.0020 0.0015 0.0829 1.7817 ± 0.2418  
 MODPSO 0.0116 ± 0.0037 0.3370 ± 0.0023 0.0026 0.0390 1.7353 ± 0.3746 
 SetMOGWO 0.0160 ± 0.0070 0.3350 ± 0.0030 0.0017 0.0194 1.7977 ± 0.4446  
 MOEA-D 0.0162 ± 0.0077 0.3332 ± 0.0050 0.0031 0.0090 2.0073 ± 0.5354  
 SPEA2 0.0186 ± 0.0169 0.3286 ± 0.0097 0.0026 0.0107 1.9789 ± 0.2944  
 FairWolf 0.0135 ± 0.0080 0.3372 ± 0.0030 0.0053 0.0220 1.9469 ± 0.2876  
 

p = 0.1

GFMOGWO 0.0089 ± 0.0052 0.5817 ± 0.0030 0.0012 0.0145 3.8505 ± 1.4270  
 MODBA 0.0314 ± 0.0027 0.5664 ± 0.0017 0.0013 0.0416 3.1626 ± 1.1767  
 MODPSO 0.0110 ± 0.0049 0.5838 ± 0.0048 0.0023 0.0000 2.9963 ± 1.2633 
 SetMOGWO 0.0087 ± 0.0041 0.5845 ± 0.0035 0.0030 0.0092 3.1327 ± 1.3657  
 MOEA-D 0.0120 ± 0.0054 0.5795 ± 0.0045 0.0012 0.0082 3.4080 ± 1.4020  
 SPEA2 0.0152 ± 0.0098 0.5721 ± 0.0111 0.0020 0.0192 3.8896 ± 1.5333  
 FairWolf 0.0069 ± 0.0035 0.5849 ± 0.0033 0.0026 0.0059 3.8211 ± 1.3456  
 
Fig. 6. Ham network (𝑝 = 0.1): run-level distribution of PF-set median
𝑊𝐴𝐷(𝑠) over 10 runs.

Fig. 7. Ham network (𝑝 = 0.1): community-level signed allocation deviation 
𝛿𝑗 for the PF-set median solution in run 3.

discrete position updating, an Explorer-Augmented Leader Selection 
strategy to encourage coverage of underexplored regions, and an HV-
triggered perturbation mechanism to reduce stagnation in non-convex 
multi-objective landscapes.

Extensive experiments on eight real-world networks across various 
propagation probabilities demonstrate that FairWolf achieves compet-
itive performance across multiple quality metrics. It yields higher hy-
pervolume, competitive IGD, and well-distributed Pareto fronts in terms 
of Spread and Spacing, while maintaining practical computational cost 
compared with more complex swarm-based baselines. It delivers higher 
hypervolume, competitive IGD, and well-distributed Pareto fronts in 
20 
Fig. 8. Average Price of Influence (POI) obtained by different algorithms 
across 8 datasets (𝑝 = 0.01).

Fig. 9. Average Price of Fairness (POF) obtained by different algorithms across 
8 datasets (𝑝 = 0.01).

terms of Spread and Spacing, while maintaining a lower computa-
tional cost than more complex swarm-based baselines. Beyond these 
empirical gains, the resulting Pareto fronts have direct practical value. 
They provide practitioners with a set of candidate seed sets that trade 
off spread and fairness, enabling the selection of an operating point 
aligned with domain priorities (e.g., equitable access in public-health 
messaging versus maximum reach under strict budgets). The fairness 
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objectives further offer transparent diagnostics of community-level al-
location, helping identify persistent under-service and supporting more 
accountable outreach decisions in real deployments.

Future work may extend this study in two directions. The first 
is to adapt FairWolf to dynamic networks in which diffusion pat-
terns evolve over time. The second is to apply the proposed mecha-
nisms to other multi-objective optimisation problems beyond influence 
maximisation, such as resource allocation or recommendation, where 
balancing efficiency and fairness remains a central challenge.
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