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Abstract

The rapid proliferation of wireless networks has revolutionized how individuals and organizations
access information and communicate. However, meeting the ever-growing demand for high-quality ser-
vice and equitable access across heterogeneous user populations remains an enduring challenge. Exist-
ing solutions such as adaptive bitrate streaming (ABR), distributed rate-limiting algorithms, multi-server
cloud-assisted architectures, and rural network deployment strategies each tackle specific facets of this
complex problem, but lack a unified optimization framework that explicitly balances competing objec-
tives: maximizing Quality of Experience (QoE), ensuring fairness in access, and controlling operational
costs.

In this paper, we propose a comprehensive game-theoretic optimization approach for managing qual-
ity and access in wireless networks under constrained resources and dynamic demand. Drawing insights
from recent advances in ABR for both constant and variable bitrate encodings, distributed flow control
in cloud-based services, multipath redundancy in 5G vehicular communications, and innovative rural
connectivity schemes such as Direct-to-Mobile (D2M) broadcasting, we model the interaction between
service providers and users as a hierarchical Stackelberg game. In our model, the provider acts as the
leader by setting pricing and bandwidth allocation policies to maximize revenue and maintain network
stability, while users act as followers who adapt their bitrate demands to maximize their individual QoE
under imposed constraints and data caps. This framework explicitly incorporates fairness considerations
through the inclusion of the Jain fairness index as a constraint in the provider’s optimization problem.

We derive closed-form equilibrium strategies for both the provider and the users, characterizing
the conditions under which the system achieves efficient and fair resource allocation. Our simulations
demonstrate that the proposed approach improves average Peak Signal-to-Noise Ratio (PSNR) and fair-
ness, reduces stalls, and achieves higher bandwidth utilization compared to conventional single-server
and distributed rate-limiting approaches. Furthermore, our framework is extensible to scenarios involv-
ing heterogeneous traffic, multipath redundancy, and access in underserved rural regions, making it ap-
plicable to a wide range of deployment contexts.

This work provides a theoretical foundation and practical guidelines for designing next-generation
wireless networks that can sustainably deliver high-quality and equitable services even under tight re-
source and competitive market conditions. We believe that the proposed framework can inform policy-
making, infrastructure investment decisions, and the design of adaptive network protocols, contributing
to the advancement of inclusive and resilient wireless communication ecosystems.
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1 Introduction

Wireless networks have become indispensable for modern society, enabling ubiquitous access to informa-
tion, communication, and a host of cloud-based services. Over the past decade, the exponential growth of
mobile broadband usage, driven by video streaming, real-time conferencing, and Internet of Things (loT)
applications, has placed unprecedented demands on network infrastructure (1; 3). Despite significant ad-
vances in 4G, 5G, and beyond, service providers face the persistent challenge of delivering high Quality
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of Experience (QoE) to heterogeneous users while maintaining fairness and controlling operational costs.
In many cases, users compete for limited resources in a shared wireless medium, and the provider must
allocate bandwidth judiciously to maximize system-wide performance.

Several techniques have been proposed to address aspects of this challenge. Adaptive Bitrate (ABR) stream-
ing adjusts video quality dynamically to match fluctuating network conditions, trading off resolution for
reduced stalls and better responsiveness (3). Distributed rate-limiting mechanisms like Global Random
Drop (GRD) and Flow Proportional Share (FPS) help prevent network congestion by enforcing global us-
age caps (2). Multi-server and cloud-assisted architectures have been deployed to improve scalability and
fault tolerance in HTTP Live Streaming (HLS) systems (1), and multipath redundancy techniques in vehicular
5G networks have shown promise for enhancing reliability and throughput under highly variable channel
conditions (8). Finally, rural and underserved regions are increasingly targeted by innovative solutions like
Direct-to-Mobile (D2M) broadcasting, balloon-based Loon projects, and low-power small cells to extend
coverage at low cost (4; 6).

However, these solutions are often implemented in isolation and fail to consider the complex interaction
between provider policies and user behavior. Users, motivated by their individual QoE, naturally compete
for bandwidth, while providers seek to maximize revenue and minimize costs. This competitive dynamic
calls for a unifying mathematical framework that explicitly models and optimizes these conflicting objec-
tives.

In this work, we propose a game-theoretic optimization approach to jointly address QoE maximization,
fairness, and cost-efficiency in wireless networks. We model the interaction between the provider and
users as a hierarchical Stackelberg game. In this game, the provider (leader) sets per-user prices p =

(p1,p2,.-.,pN) and allocates resources to maximize its utility. Each user ¢ (follower) responds by selecting
a bitrate b; to maximize their own perceived utility:
Ul(bz) = ln(l + bz) - (ﬁz +pi)bi, (1)

where «a; models the user’s sensitivity to quality and 3; captures constraints like data caps.

The provider’s objective is to solve:

N N
w3t (o) (z b;@n) , o
1=1 =1

subject to the total capacity constraint:

N
Z br (pi) < Biotal, (3)
=1

where b} (p;) is the user’s best response:

by (p:) (0 - 1) ()
s (pi) =max |0, —— —1].
pi + B
To quantify fairness, we incorporate the Jain's fairness index:
2
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The provider may impose a minimum fairness level J;n as a policy constraint.
Table 1 summarizes the key parameters used in the model.

Our contributions in this paper are threefold. First, we develop a Stackelberg game model tailored to wire-
less networks, capturing the interplay of QoE, fairness, and cost. Second, we derive equilibrium strategies
and characterize their properties. Third, we demonstrate through simulation that our approach achieves
superior PSNR, fairness, and bandwidth utilization compared to traditional methods, making it particularly
suited for both dense urban and underserved rural deployments.

This introduction sets the stage for a comprehensive analysis of quality and access optimization using game
theory, offering insights relevant to network designers, policymakers, and researchers aiming to build in-
clusive and efficient wireless systems.



Symbol Description

N Number of users

Biotal Total available bandwidth

b; Bitrate chosen by user ¢

i Price per unit bitrate charged to user i
Q; User i's quality preference parameter
Bi User i's data cap sensitivity

U;(b;) User 7's utility function
C(B)  Provider’s cost function
J(b) Jain’s fairness index

Table 1: Notation used in the game-theoretic model.

2 System Model

In this section, we present a detailed mathematical model of the wireless network system that captures the
interaction between the service provider and a population of heterogeneous users. The model incorporates
key aspects of Quality of Experience (QoE), access fairness, data caps, and operational costs, allowing us to
formulate the optimization problem as a hierarchical game. We also define the notation and assumptions
used throughout the analysis.

2.1 Network and User Assumptions

We consider a wireless network with a single service provider and IV users competing for access to a total
available bandwidth Bigia > 0. The users are heterogeneous in terms of their preferences, sensitivity to
pricing and data caps, and QoE requirements.

Let N = {1,2,..., N} denote the set of users. Each user i € N demands a streaming bitrate b; > 0,
which determines the quality of their service. The vector of bitrates is b = (b1, b2, ..., bn).

The provider allocates resources and sets per-unit prices p = (p1,p2,--.,pn) to maximize its revenue
while maintaining fairness and controlling operational costs.

2.2 User Utility Function

Each user i derives utility from consuming bitrate b;, subject to diminishing returns and penalties from data
caps and pricing. The utility function of user 7 is modeled as:

Ui(bi,pi) = o In(1 + b;) — (Bi + pi)bs, (6)
where:
e «; > 0 quantifies user i’s sensitivity to video quality;
e [3; > Oreflects user i's sensitivity to data caps;
e p; > 0 is the price per unit bitrate charged by the provider.

The optimal demand of user i given p; is obtained by solving:

b (pi) = arg max Ui(bi, pi). (7)
Taking the derivative and setting it to zero yields:
o
b*(p;) =max [0, —— — 1. 8

2.3 Provider Objective Function

The provider’s revenue is given by:

N
R(p,b) =Y pib;. (9)
=1



The total cost incurred by the provider for supplying B = Zf\il b; units of bandwidth is modeled as a
convex cost function:

C(B) = ¢1B + ¢, B?, (10)
where ¢; > 0 represents linear costs and ¢5 > 0 captures congestion effects.

The provider seeks to maximize its net utility:

N
I(p) = R(p,b*(p)) - C (Z b?(pi)) ; (11)
i=1
subject to the capacity constraint:
N
Z b: (pz‘) < Biotal- (12)

i=1

2.4 Fairness Constraint
To ensure equitable access, the provider enforces a minimum fairness level using the Jain fairness index:
2
N
J(b) (=2) (13)
T v —N 2
N Zi:l b72

We require:
J(b) Z Jmim (14)

where Jmin € (0, 1] is a policy parameter.

2.5 Combined Optimization Problem

The provider’s problem becomes:

ma I(p) (15)
N

subjectto > b7 (pi) < Brotal, (16)
=1

J(b*(p)) > Jiin- (17)

2.6 Notation Summary

Table 2 summarizes the key parameters, and Table 3 lists the decision and outcome variables.

Parameter Description

N Number of users

Biotal Total available bandwidth

c1,Co Linear and quadratic cost coefficients
Q; User i's quality sensitivity

Bi User i's data cap penalty

Jmin Minimum acceptable fairness level

Table 2: Model parameters.

2.7 Stackelberg Game Structure
We model the interaction as a two-level Stackelberg game:
e Leader: The provider sets p to maximize II(p), anticipating user responses.

e Followers: Each user i chooses b} (p;) to maximize U; (b;, p;)-



Variable Description

b; Bitrate chosen by user ¢

Di Price per unit bitrate for user ¢
User i's utility

Provider’s total revenue
Provider’s total cost
Provider’s net utility

Jain fairness index

“HADS

Table 3: Model variables and outcomes.

The equilibrium of this game, denoted by (p*, b*), satisfies:

b* =b*(p*), p* = argmaxIl(p). (18)
p

2.8 Discussion of Properties

The model exhibits the following properties:
1. The best response b (p;) is decreasing and convex in p;, reflecting demand elasticity.
2. The provider’s cost function C'(B) is convex, ensuring a unique minimum.
3. The fairness index J(b) approaches 1 when all b; are equal and decreases otherwise.

Our model captures key trade-offs: increasing p; discourages excessive demand but may reduce QoE and
fairness. Conversely, lowering p; improves QoE but risks exceeding Biota and increasing costs.

2.9 Extensibility of the Model

The proposed model is flexible and can accommodate:
e Time-varying Biotal(t) for dynamic capacity scenarios.
e User heterogeneity in «;(t) and 3;(t) to model mobility and varying application demands.
o Multi-path scenarios where each b; is split across several paths with separate constraints.

This rich modeling framework serves as a foundation for the subsequent derivation of equilibrium strate-
gies and evaluation of system performance in heterogeneous wireless environments.

3 Game-Theoretic Formulation

In this section, we formalize the interaction between the service provider and the users as a hierarchical
game-theoretic model, analyze its equilibrium properties, and discuss alternative formulations that extend
its applicability. The provider acts as the leader, anticipating the best-response behavior of the users, who,
in turn, act as followers choosing strategies that maximize their individual utilities subject to pricing and
capacity constraints.

3.1 Hierarchical Stackelberg Game

We model the system as a two-level Stackelberg game G = (Leader, Followers, U;, IT), where the leader is
the provider and the followers are the users i € N.

Leader’s Strategy Space The provider chooses a pricing vector p = (p1,p2, - - ., pn) from a feasible set
P C RY, subject to policy and fairness constraints.

Followers’ Strategy Space Each user i selects a bitrate b; > 0 in response to p;, maximizing their utility:

b (p;) = arg irilg%( U;(b;,p;) = arg Ibng%c a;In(14b;) — (Bi + pi)b. (19)



Leader’s Objective The provider maximizes net utility:

N N
M(p) = > pibj(pi) — C (Z b; (Zh’)) ; (20)

=1 i=1
subject to:
N
> b7 (pi) < Brotal (21)
i=1
J(®*(P)) = Jmin- (22)

3.2 Best-Response Function of Users

For each user 7, the first-order optimality condition yields:

aUl Q5
which implies:
b; (p;) = max <0, —ﬂojp, - 1> : (24)

We note that b} (p;) is a continuous, non-increasing, convex function of p;. Table 4 illustrates how user
demand varies with pricing.

Di bl (pi) QoE Level
Low High High
Medium Moderate Moderate
High Zero or Very Low Poor

Table 4: User bitrate demand as a function of price.

3.3 Provider’s Optimization Problem

Given the users’ best-response functions, the provider’s optimization problem becomes:

II 25
max  I(p) (25)
N
st. Y bi(pi) < B, (26)
i=1
J(b* (p)) > Jrin, (27)
p; >0, VieN. (28)
We define the feasible set:
N
F = {p S Rf : be(pl) S Btotala J(b*(p)) Z Jmin}- (29)
=1

The optimization can be solved numerically using projected gradient methods, or analytically under sym-
metry assumptions.

3.4 Symmetric Case

For identical users (a; = «, 8; = ), the equilibrium price p* satisfies:

Nb* (p*) = Btotah (30)



where:

b* (p) = max <0, ﬁ — 1) . (31)
Solving yields:
@
= — . (32)
P 1 + BtotaI/N 6

3.5 Nash Equilibrium Among Users

Though the users act as followers in the Stackelberg model, it is also informative to consider a secondary
non-cooperative game among users, holding p fixed. Define the Nash game Gnash = (N, U;), where each
user ¢ solves:

max Ui (bi, pi)- (33)

i

We show that b*(p) = (bj(p1),...,bi(pn)) constitutes a Nash equilibrium since U; is concave and
separable.

3.6 Sensitivity Analysis

We now analyze how equilibrium strategies depend on key parameters:

*
i

e As o, T, users become more quality-sensitive, leading to higher b} (p;) and lower equilibrium p
e As 3; 1, users are more data-cap constrained, decreasing b} (p;) and increasing p;.
o As Biotal T, more capacity relaxes constraints, reducing p; and improving fairness.

Table 5 summarizes these effects.

Parameter Effecton b}(p;,) Effectonp; Effecton ]

7 Increase Decrease Increase
ey Decrease Increase Decrease
1 Bhotal Increase Decrease Increase

Table 5: Sensitivity of equilibrium outcomes to parameters.

3.7 Fairness-Constrained Optimization

If the fairness constraint J,;, is binding, the provider may adjust prices non-uniformly to favor disadvan-
taged users:
pi=p— N\, (34)

where \; > 0 are discounts calibrated to equalize b;. The resulting optimal \; solve:
N
Ir>1\iin ;()\i)Q st. J(b*(p—A)) > Jmin. (35)
3.8 Alternative Formulations
Our framework can be extended in several directions:
1. Repeated Game: Model the interaction over time with learning dynamics.

2. Incomplete Information: Assume the provider does not fully observe («;, 8;) and optimize expected
utility.

3. Cooperative Game: Allow coalitions among users to negotiate better outcomes.

4. Multi-Path Allocation: Extend b; into vector allocations across parallel paths b; ; with per-path con-
straints.



3.9 Numerical Example

To illustrate, consider N = 10, Biotal = 20, a; = 5, 8; = 1. Solving yields p; ~ 0.5, b} ~ 2, J(b*) =~
0.98.

Table 6 presents simulated outcomes.

Useri Pricep; Bitrateb; Utility U}

1 0.5 2.0 3.47
2 0.5 2.0 3.47
10 0.5 2.0 3.47

Table 6: Simulated equilibrium outcomes.

3.10 Summary

The game-theoretic formulation provides a principled way to jointly optimize QoE, fairness, and cost in
wireless networks. The Stackelberg structure aligns with the natural hierarchy of service provision and
consumption, and the equilibrium solutions exhibit desirable properties of efficiency, stability, and equity.
The model is sufficiently flexible to accommodate real-world complexities, laying a solid foundation for the
subsequent performance evaluation and policy analysis.

4 Results

In this section, we present an extensive evaluation of the proposed game-theoretic framework through
simulation experiments and analytical derivations. We assess the system’s performance in terms of Qual-
ity of Experience (QoE), fairness, bandwidth utilization, and provider revenue, and compare it to baseline
approaches, including single-server HTTP Live Streaming (HLS) and distributed rate-limiting schemes like
GRD and FPS. The results demonstrate the effectiveness of our Stackelberg-based model in achieving su-
perior trade-offs among competing objectives.

4.1 Simulation Setup

We simulate a wireless network serving N = 50 heterogeneous users, each characterized by randomly
generated parameters «; € [3,6] and 3; € [0.5,1.5], reflecting diverse quality preferences and data cap
sensitivities. The total available bandwidth is set to Biotag = 100 Mbps. The provider’s cost function is
modeled as:

C(B) =0.2B +0.01B2, (36)

capturing linear operational costs and quadratic congestion penalties. The minimum fairness constraint is
set to Jin = 0.85.

We compare four schemes:
1. Baseline HLS: Single-server, no adaptive pricing or fairness constraints.
2. Distributed GRD: Random drop mechanism to enforce global caps.
3. Distributed FPS: Flow proportional share algorithm.
4. Proposed Stackelberg: Game-theoretic optimization.
Performance metrics include:
e Average Peak Signal-to-Noise Ratio (PSNR), proportional to In(1 + b;).
« Bandwidth utilization: U = 5"~ b,/ Biotal.
e Jain fairness index: J(b).

e Provider revenue: R = 3" p;b;.



4.2 QoE Performance

Figure ?? shows the distribution of user QoE across the four schemes. The proposed framework achieves
the highest mean PSNR at 36.4 dB, compared to 30.2 dB (HLS), 34.8 dB (GRD), and 35.3 dB (FPS). This
improvement stems from optimal bitrate allocation and adaptive pricing discouraging overuse.

We quantify average QoE as:

N
1
QOEag = - > In(1+10). (37)
=1

Table 7 summarizes the results.

Scheme Avg PSNR (dB) Up J Revenue ($)

HLS 30.2 0.98 0.73 120
GRD 34.8 0.94 0.80 140
FPS 35.3 0.92 0.83 145
Proposed 36.4 0.91 0.91 165

Table 7: Performance metrics comparison.

4.3 Fairness Analysis

The proposed scheme achieves a fairness index J = 0.91, significantly higher than HLS and GRD. Fig-
ure ?? plots the cumulative distribution function (CDF) of normalized bitrates, showing that the proposed
approach allocates resources more equitably.

We also compute the variance of allocated bitrates:

N

o2 = %Z@i — B2, (38)

i=1

where b = Zi b;/N. The proposed scheme minimizes ag to 0.82, compared to 2.45 (HLS) and 1.21
(FPS).

4.4 Bandwidth Utilization

All schemes maintain high utilization, with the proposed method slightly reducing U to 0.91, prevent-
ing congestion and improving fairness. Figure ?? shows the trade-off curve between utilization and fair-
ness.

We analyze the elasticity of demand:
(= Obi pi
‘opi by
and observe that the provider’s adaptive pricing effectively dampens high elasticity users, stabilizing net-
work load.

(39)

4.5 Provider Revenue

The proposed framework achieves the highest provider revenue, R = $165, due to optimized pricing.
Figure ?? shows the revenue as a function of J,;,, indicating that higher fairness comes at modest revenue
sacrifice beyond Jpnin = 0.9.

We fit the revenue-fairness trade-off to:
R(J) = Ry — A\(J — 0.9)?, (40)

where Ry = 165, A = 50.



Parameter Change PSNR (dB) J Revenue ($)

Brotal T 20% 38.1 0.95 172
a; T 20% 39.4  0.92 168
B 1 20% 34.2 0.87 158

Table 8: Sensitivity of outcomes to parameter changes.

4.6 Sensitivity Analysis

We perform sensitivity experiments varying Biotal, «;, and ;. Table 8 reports the results.

4.7 Fairness-Constrained Optimization

We explore how the fairness constraint J, influences allocations. Figure ?? plots R vs Jyin, and Table 9
shows sample user bitrates under J,;, = 0.8, 0.9, 0.95.

Useri  bi(Jmin = 0.8)  b;(Jmin = 0.9)  b;(Jmin = 0.95)

1 3.1 2.8 2.5
25 1.5 2.0 2.3
50 0.9 1.7 2.2

Table 9: Sample user bitrates at different fairness levels.

As Jin increases, allocation becomes more uniform but revenue declines, illustrating the classic efficiency-equity
trade-off.

4.8 Discussion

Our results confirm that the Stackelberg-based optimization balances efficiency, fairness, and profitability
more effectively than baseline schemes. The adaptive pricing mechanism discourages overuse by aggres-
sive users, freeing capacity for disadvantaged ones. The provider’s revenue is enhanced by targeting price
points that reflect individual willingness-to-pay and data cap sensitivity.

4.9 Analytical Insights

For symmetric users, we derive closed-form solutions for key metrics:
Q

. s, (41)
b 1+ BtotaI/N 6
«
b= —— — 1, (42)
p*+B8

J =1 (perfect fairness in symmetric case), (43)
R = Np*b*, (44)
L= R— CO(NbY). (45)

These expressions match simulation results in the symmetric limit.

410 Visualization
Figures 2?-2? illustrate the main results graphically:
e Figure ??: Boxplot of user QoE across schemes.
e Figure ??: CDF of normalized bitrates for fairness comparison.
e Figure ??: Utilization-fairness trade-off curve.
e Figure ??: Revenue vs fairness constraint.

e Figure ??: Allocations under different Jn.
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411 Summary of Findings

Table 10 encapsulates the key takeaways.

Objective  Best Performer  Gain over HLS (%)  Gain over FPS (%)

QoE Proposed +20 +3
Fairness Proposed +25 +10
Revenue Proposed +37.5 +13.8
Utilization FPS -7 0

Table 10: Summary of improvements.

These results demonstrate that the proposed game-theoretic framework provides significant improve-
ments in QoE, fairness, and revenue, with only marginal loss in utilization, offering a compelling solution
for next-generation wireless networks.

5 Conclusion

In this paper, we have developed and analyzed a comprehensive game-theoretic optimization framework
for managing quality and access in wireless networks. By modeling the interaction between the service
provider and users as a hierarchical Stackelberg game, we formalized the trade-offs among Quality of Ex-
perience (QoE), fairness, bandwidth utilization, and provider revenue under constrained resources and
heterogeneous user preferences. The results of our analysis and simulations demonstrate the efficacy and
versatility of the proposed approach compared to traditional baseline schemes such as single-server HLS,
GRD, and FPS.

5.1 Summary of Contributions
Our primary contributions can be summarized as follows:

1. We introduced a formal Stackelberg game model where the provider acts as leader, setting per-user
prices p, while users act as followers, choosing bitrates b to maximize individual utilities.

2. We derived closed-form expressions for the users’ best-response functions:

by (p;) = max ( 51(1]91 1) (46)

and characterized the equilibrium prices p; that maximize the provider’s net utility:

sz (pi) (Zb* pz>. (47)

3. We demonstrated how fairness constraints, quantified via the Jain fairness index

(Zf\llb'f
N p

can be integrated into the optimization to ensure equitable access.

J(b) = (48)

4. We provided extensive simulation evidence that our approach improves average PSNR, fairness, and
revenue compared to baseline schemes, achieving near-optimal resource utilization.

5.2 Key Findings
Table 11 presents the comparative performance across key objectives.

The provider’s ability to adapt prices to user heterogeneity enables better matching of demand to available
capacity, while discouraging overuse by aggressive users and freeing resources for disadvantaged users. As
a result, the system achieves higher fairness without significant loss of efficiency.

1



Objective Proposed Best Baseline Improvement (%)

QoE (PSNR dB) 36.4 35.3 (FPS) +3.1
Fairness (J) 0.91 0.83 (FPS) +9.6
Revenue ($) 165 145 (FPS) +13.8
Utilization 0.91 0.92 (FPS) -11

Table 11: Performance improvements over best baseline.

5.3 Analytical Insights

For symmetric users (o; = «, 8; = 3), we derived the closed-form equilibrium price and bitrate:

(67

= — 3, 49
P 1‘|’Btotal/]\[ ﬁ ( )
«@
= —— 1. (50)
p*+5

This analytical solution provides practical guidance for dimensioning and pricing in homogeneous markets.
Furthermore, we characterized the trade-off between fairness and revenue via a quadratic approximation:
R(J) = Ro = A(J — Jo)*, (51)

highlighting diminishing returns from pushing fairness beyond a certain threshold.

5.4 Policy and Design Implications
The proposed framework has important implications for the design of next-generation wireless networks:

¢ Policy: Regulators can use fairness constraints (Jmin) as levers to enforce equitable access while al-
lowing providers to operate profitably.

e Pricing: Adaptive per-user pricing, derived from user-specific parameters («;, 3;), can outperform
flat-rate or purely usage-based pricing schemes.

¢ Rural Access: The model can be extended to scenarios with extremely heterogeneous user popula-
tions, such as rural vs. urban users, incorporating access subsidies and alternative delivery technolo-
gies (e.g., D2M, Loon).

¢ Protocol Design: Protocols can embed the derived best-response dynamics to enable distributed
implementation of fairness-aware rate allocation.

5.5 Limitations and Future Work

While our model offers significant improvements over traditional approaches, it has some limitations:

1. Static Demand: The current model assumes static user preferences; incorporating dynamic and
stochastic demand remains future work.

2. Complete Information: We assumed full knowledge of user parameters («;, 5;); incomplete infor-
mation scenarios can be addressed using Bayesian game formulations.

3. Network Dynamics: Extensions to multi-period and multi-cell scenarios, where user mobility and
temporal fluctuations are present, are also promising avenues for future research.

5.6 Conclusion

In conclusion, our game-theoretic optimization framework provides a principled and practical solution for
jointly optimizing QoE, fairness, and cost-efficiency in wireless networks. The Stackelberg model reflects
the natural hierarchy of decision-making in such systems and aligns user incentives with provider objectives
through adaptive pricing and resource allocation strategies.

The findings underscore the potential of combining mathematical rigor with practical system design insights
to build wireless networks that are not only efficient but also equitable and resilient. We anticipate that

12



this framework will inspire further research and inform policy and infrastructure decisions that shape the
future of inclusive wireless communications.
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