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Abstract

The evolution of wireless networks toward 6G and Open Radio Access Network (O-RAN)
architectures brings unprecedented demands for flexible and energy-efficient resource
allocation mechanisms. A key challenge is to allocate radio resources effectively among
heterogeneous units while satisfying diverse quality-of-service (QoS) requirements. Tra-
ditional allocation methods often fail to capture energy efficiency considerations or lack
adaptability in highly dynamic and decentralized environments. To address this, we for-
mulate the resource allocation problem as a non-cooperative game among SDN-enabled
Central Units (CUs) and Distributed Units (DUs), where each player’s utility captures
a trade-off between throughput gains and resource costs under threshold-based SINR
QoS constraints. We show that the game admits an exact generalized potential function,
guaranteeing the existence of a pure-strategy Nash equilibrium and convergence under
sequential best response dynamics. The SDN controller supervises the network by ad-
justing system-level parameters, such as the resource price, to guide the network toward
efficient and fair allocations. This formulation provides a rigorous and tractable framework
for distributed spectrum sharing in 6G O-RAN systems, with the potential to support
intelligent and adaptive control in future wireless networks. The proposed framework is
evaluated against both classical resource allocation strategies (equal and greedy allocation)
and advanced optimization-based and game-theoretic baselines, including convex opti-
mization, proportional fairness, water-filling, and Stackelberg formulations, and shows
competitive performance.

Keywords: SDN; O-RAN; potential game; resource allocation; utility; SINR

1. Introduction
As the requirements for ultra-fast, reliable, and intelligent communication infrastruc-

tures continue to increase, sixth-generation (6G) wireless networks have emerged as a key
enabling technology for future large-scale connectivity. Sixth-generation systems represent
the next evolutionary step in wireless communications and have attracted considerable
interest from both academia and industry. Building upon the capabilities introduced
by fifth-generation (5G) networks, which already support enhanced data rates and low-
latency services, 6G is expected to further enhance communication performance through
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ultra-high transmission speeds, near-instantaneous latency, improved reliability, and ad-
vanced intelligent networking functionalities [1]. In addition, 6G is envisioned to support a
broad range of emerging applications and services requiring highly adaptive and scalable
communication infrastructures [2–5].

The development and standardization of 6G technologies have been actively sup-
ported by several major international organizations. In particular, the 3rd Generation
Partnership Project (3GPP) [6], the International Telecommunication Union (ITU) [7], and
the Open Radio Access Network (O-RAN) Alliance [8] have initiated extensive research
activities toward defining the architectures, protocols, and performance requirements of
next-generation wireless systems. Through their ongoing standardization efforts, these
organizations contribute significantly to shaping the technological foundations and opera-
tional frameworks of future 6G communication networks.

The O-RAN architecture has emerged as one of the most promising paradigms for re-
alizing the flexibility and intelligence required by future 6G networks. Unlike conventional
vendor-specific RAN deployments, O-RAN promotes openness, interoperability, virtualiza-
tion, and disaggregation of network functions through standardized interfaces [8,9]. A key
feature of O-RAN is the separation of the Radio Unit (RU), Distributed Unit (DU), and Cen-
tral Unit (CU), enabling independent deployment and management of radio, processing,
and control functionalities. Furthermore, O-RAN introduces intelligent control entities such
as the Near-Real-Time RAN Intelligent Controller (Near-RT RIC) and Non-Real-Time RAN
Intelligent Controller (Non-RT RIC), which facilitate data-driven optimization, machine
learning integration, and adaptive resource management [10,11]. While such architectural
flexibility significantly improves scalability and programmability, it also introduces new
resource allocation challenges due to the distributed nature of decision-making, heteroge-
neous service requirements, and resource coupling among network entities.

Software-Defined Networking (SDN) further enhances the O-RAN vision by decou-
pling the control plane from the data plane and enabling centralized network orchestration.
Through global network visibility and programmable control mechanisms, SDN facilitates
dynamic resource management, traffic engineering, and service-aware optimization across
distributed network nodes [12,13]. However, the coexistence of SDN control mechanisms
with disaggregated O-RAN components creates complex interactions among network enti-
ties competing for shared radio and computational resources. In particular, resource alloca-
tion decisions made by one CU or DU may directly affect the performance of neighboring
entities due to interference, congestion, and shared infrastructure limitations. Consequently,
scalable distributed optimization mechanisms are required to coordinate resource usage
while maintaining service-level guarantees.

Within the 6G O-RAN paradigm, one of the most critical challenges concerns the
efficient allocation of radio resources in order to simultaneously satisfy the heterogeneous
requirements of enhanced Mobile Broadband (eMBB) and Ultra-Reliable Low-Latency
Communications (URLLC) services [9,14], while also maximizing the overall energy ef-
ficiency of the network. Traditional resource allocation approaches generally optimize
individual objectives independently, such as aggregate network throughput, eMBB through-
put, or URLLC latency, without adequately capturing the inherent trade-offs among these
competing performance metrics. Moreover, the coexistence of heterogeneous traffic pat-
terns together with rapidly varying wireless channel conditions significantly increases the
complexity of resource management in next-generation communication systems [15,16].

Recent advances in representation learning highlight the importance of disentangling
transferable structural information from domain-specific variations in complex systems.
For instance, prompt-guided disentanglement and fusion strategies [17] have been shown
effective in handling domain mismatch in fault diagnosis tasks. Motivated by these ideas,
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future extensions of O-RAN resource allocation frameworks may incorporate representation
learning techniques to separate invariant service characteristics (e.g., QoS requirements)
from environment-dependent interference patterns, enabling more adaptive and context-
aware control policies in dynamic network conditions.

Game-theoretic methodologies have been extensively applied in wireless communi-
cation networks [18], including emerging 6G systems [19], particularly in the context of
resource allocation problems [20–22]. Despite significant progress in O-RAN resource man-
agement, several limitations remain in the existing literature. Most proposed approaches
rely on centralized optimization frameworks, heuristic algorithms, or machine learning
techniques that often require extensive training data, high computational complexity, or
centralized coordination [9,14]. Furthermore, many existing schemes focus primarily on
throughput maximization or latency minimization without providing rigorous analytical
guarantees regarding equilibrium existence, convergence, or stability. Among the various
game-theoretic frameworks, potential games [23] have received significant attention due to
their desirable convergence properties, especially their ability to converge almost surely
to a Nash equilibrium. Such characteristics make potential games highly suitable for dis-
tributed optimization and self-organizing resource management in wireless networking
environments [24].

In this paper, we propose a game-theoretic formulation to address the resource al-
location challenge in 6G O-RAN, where SDN-enabled CUs and DUs compete for shared
network resources. Each node independently selects its resource allocation within local
bounds while accounting for the impact of congestion and interference—arising from
fronthaul bandwidth, spectrum contention, and processing limitations—on its performance
through an effective SINR-like metric. The proposed framework moves beyond traditional
single-metric optimization by balancing performance gains and resource costs. Each node
maximizes its utility under local SINR-based QoS constraints that reflect diverse traffic
requirements. An SDN controller supervises the network by dynamically adjusting system-
level parameters, such as resource pricing, to guide the system toward efficient and fair
allocations. Modeling the system as an exact generalized potential game ensures conver-
gence to a pure-strategy Nash equilibrium through distributed updates. By incorporating
realistic wireless channels, QoS requirements, and SDN coordination, the approach aligns
with the modular design of O-RAN and provides a scalable solution for managing complex
demands in next-generation networks.

Noveltyand Main Contributions

While generalized Nash games and potential games have been extensively studied
in wireless resource allocation, their application to SDN-controlled O-RAN resource man-
agement remains relatively unexplored. Existing O-RAN resource allocation approaches
primarily focus on optimization-based formulations, centralized control strategies, or
learning-driven solutions, often without establishing rigorous equilibrium properties under
coupled resource constraints.

The novelty of this work lies not in the individual use of game theory or SDN concepts,
but in their unified integration into a mathematically tractable O-RAN resource allocation
framework. In particular, the proposed model captures the interaction among SDN-enabled
CUs and DUs competing for shared network resources while explicitly accounting for
capacity coupling and QoS requirements.

The main contributions of this paper are summarized as follows:

• We formulate SDN-controlled O-RAN resource allocation as a generalized Nash game
in which the feasible strategy set of each node depends on the actions of other nodes
through shared capacity constraints and QoS coupling.
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• We establish that the proposed game admits an exact generalized potential func-
tion, allowing the decentralized resource allocation problem to be analyzed through
potential-game theory.

• We prove that the generalized best-response dynamics generate a non-decreasing
potential sequence and converge to a generalized Nash equilibrium under standard
convexity and constraint qualification assumptions.

• We provide a local stability characterization of the equilibrium through analysis of the
Jacobian of the best-response mapping, linking equilibrium stability to the spectral
radius condition.

• The framework offers a scalable and distributed alternative to centralized O-RAN
resource management by enabling autonomous decision-making while preserving
global resource feasibility.

• To rigorously assess the effectiveness of the proposed approach, we benchmark not
only against conventional heuristic methods but also against representative optimiza-
tion and game-theoretic schemes, including convex optimization, proportional fair-
ness, water-filling allocation, and Stackelberg game formulations, ensuring a compre-
hensive evaluation across both baseline and advanced resource allocation paradigms.

Therefore, the primary contribution of the paper is the development of a theoretically
grounded SDN-enabled O-RAN resource allocation framework with provable equilibrium
existence, convergence, and stability properties under coupled resource constraints.

2. Related Work
Wang et al. [25] investigate the resource allocation problem between Radio Units

(RUs) and Distributed Units (DUs) in O-RAN environments by formulating it as a two-
dimensional bin-packing problem. To address the complexity of the allocation process, the
authors develop a self-play deep reinforcement learning framework inspired by the Al-
phaGo Zero paradigm and neural Monte Carlo Tree Search (MCTS). Their approach enables
intelligent RU–DU assignment under varying network conditions and traffic demands.
Experimental evaluation using both benchmark bin-packing datasets and real deployment
scenarios demonstrates that the proposed self-play mechanism achieves higher resource
utilization efficiency compared to conventional approaches, including heuristic virtual
resource allocation, Lego-based heuristics, and classical MCTS techniques.

Du et al. [26] propose an SDN-assisted architecture for cloud-edge computing services
in 5G heterogeneous networks. Their framework enables flexible and on-demand resource
orchestration while adapting to the dynamic computational requirements generated by
end-user devices. To model user behavior under incomplete information, the authors
formulate the service-selection process as an evolutionary game characterized by replicator
dynamics. Based on this formulation, they introduce a Stackelberg differential-game
mechanism that regulates resource trading between a central cloud provider and multiple
edge computing providers. The study derives optimal pricing and resource allocation
policies that maximize the collective utility of the participating entities while driving
the system toward an evolutionarily stable equilibrium. Simulation results validate the
effectiveness of the proposed framework, showing stable convergence in both pricing
strategies and user subscription dynamics.

Mollahasani et al. [27] present two nested actor–critic reinforcement learning schemes
designed to jointly optimize network-function placement and resource allocation decisions.
Their work specifically investigates the impact of observability levels on the performance
of reinforcement learning-based resource management strategies. The obtained results
indicate that adaptive relocation of network functions according to service requirements
can significantly improve network latency and throughput performance. The study further
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demonstrates the capability of reinforcement learning techniques to dynamically adapt
resource allocation policies in complex networking environments.

In [28], the authors focus on improving energy efficiency within the O-RAN architec-
ture while simultaneously satisfying user delay constraints. The considered optimization
problem is reformulated into a mixed-integer linear programming (MILP) framework to
enable tractable solution derivation. The proposed joint optimization strategy is compared
against a disjoint optimization baseline that separately handles resource allocation objec-
tives. Numerical results reveal that the joint optimization approach provides substantial
gains in energy efficiency while maintaining the required quality-of-service guarantees.

The existing literature on O-RAN and SDN-enabled resource management demon-
strates significant progress in addressing distributed optimization, learning-based control,
and energy-efficient networking. However, several important limitations can be observed
when these approaches are critically examined. First, learning-based and heuristic op-
timization methods such as those in [25,27] achieve strong empirical performance, but
they typically lack analytical guarantees regarding equilibrium existence, convergence
properties, or stability. In particular, deep reinforcement learning and actor–critic frame-
works rely on training data and exploration mechanisms that may not generalize well to
dynamic or large-scale O-RAN deployments. Second, game-theoretic formulations such
as evolutionary games and Stackelberg models [26] provide structured decision-making
frameworks; however, they often assume simplified interaction structures or hierarchical
control that may not fully capture the bidirectional coupling induced by shared radio and
computational resources in O-RAN systems. Third, optimization-based formulations such
as MILP approaches [28] provide strong optimality guarantees but suffer from scalability
limitations and require centralized computation, which contradicts the distributed and
disaggregated nature of O-RAN architectures. Moreover, most existing works treat either
resource allocation, energy efficiency, or service orchestration in isolation, without jointly
modeling the coupled effects of interference, QoS constraints, and shared resource lim-
itations within a unified analytical framework. These limitations motivate the need for
a distributed and scalable resource allocation framework that (i) explicitly captures cou-
pling among network entities, (ii) provides theoretical guarantees on equilibrium existence
and convergence, and (iii) is compatible with the decentralized nature of SDN-enabled
O-RAN systems.

3. System Model
We consider a set of O-RAN nodes composed of SDN-enabled CUs and DUs, denoted

by B = C ∪ D = {1, 2, . . . , B}. These nodes compete for a shared network resource pool
with total capacity Qtotal. Each node i chooses a resource allocation level qi ∈ [0, Qmax

i ], and
the aggregate allocation must respect the overall system capacity constraint:

B

∑
i=1

qi ≤ Qtotal. (1)

The considered framework targets a computational resource allocation problem in
SDN-enabled O-RAN systems. Specifically, the model captures a load-adaptive scheduling
scenario where CUs and DUs compete for a limited shared resource pool under coupled
QoS constraints. Unlike isolated RU–DU association or fronthaul-only optimization prob-
lems, the proposed formulation targets service-aware resource distribution, where each
node dynamically adjusts its allocation qi to satisfy both system capacity and SINR-based
service requirements.
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The performance of each node depends on both its own allocation and the allocations
of other nodes due to congestion, interference, or control-plane coupling. We define a
SINR-like performance metric:

γi(q) =
giiqi

σ2 + ∑j ̸=i gijqj
, (2)

where gii > 0 represents allocation efficiency, gij ≥ 0 models cross-impact, and σ2 > 0
represents background load.

The SINR-like metric γi(q) is interpreted as a unified performance indicator that
aggregates multiple O-RAN effects, while it is inspired by classical radio SINR, in the
SDN-enabled O-RAN context, it captures a composite notion of service quality, including
radio interference, effective resource congestion, and processing load induced by shared
infrastructure. Thus, gijqj represents generalized interference that may arise from radio-
level coupling, fronthaul congestion, or computational resource contention, depending on
the functional role of node j. This abstraction allows the same mathematical structure to
represent multiple layers of O-RAN resource coupling.

Each node must satisfy a minimum QoS requirement:

γi(q) ≥ θi := 2rmin
i − 1. (3)

The considered system is interpreted within an SDN-enabled O-RAN architecture,
where a logically centralized controller (e.g., SDN controller) is responsible for coordinat-
ing resource allocation decisions across distributed CUs and DUs. The controller does
not directly solve a centralized optimization problem; instead, it provides coordination
signals that influence the decentralized decision-making process modeled by the game.
In this context, each node i ∈ B represents either a CU or DU entity equipped with local
computation capability and partial network state information. The decision variable qi

is interpreted as a normalized abstraction of heterogeneous resources, including radio
spectrum, processing capacity, or fronthaul-computing share, depending on the functional
role of the node. This abstraction allows a unified modeling framework while preserving
heterogeneity through node-specific parameters such as gii, Qmax

i , and utility weights. The
coupling coefficients gij capture aggregated network effects induced by interference, shared
infrastructure constraints, and control-plane coupling under the SDN orchestration layer.

CU-DU Interpretation and Resource Abstraction

The proposed formulation considers a unified resource abstraction in which both
CUs and DUs are modeled as strategic decision-making entities competing for a shared
resource pool.

The distinction between the two node types is captured through heterogeneous pa-
rameter sets:

(αi, βi, gii, Qmax
i ), (4)

which may differ significantly between CUs and DUs.
For instance, CUs may exhibit larger computational capabilities and larger values of

Qmax
i . DUs may experience stronger interference coupling represented by larger coefficients

gij. Different service priorities may be represented through different utility parameters αi

and βi.
Similarly, the resource variable qi can represent either spectrum resources, computing

resources, or a normalized combination of both. The present paper adopts the unified-
resource abstraction to facilitate theoretical analysis while preserving heterogeneity through
node-specific parameters.
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4. Utility and Game Formulation
Each node’s strategy set is determined by physical limits, QoS requirements, and the

shared capacity constraint. For fixed allocations of other nodes q−i, node i’s feasible set is

Qi(q−i) =
{

qi ∈ [0, Qmax
i ]

∣∣∣ giiqi
σ2 + ∑j ̸=i gijqj

≥ θi,

qi ≤ Qtotal − ∑
j ̸=i

qj

}
. (5)

For any fixed allocation of other players q−i, the feasible set Qi(q−i) is defined by
the intersection of a closed interval [0, Qmax

i ], the residual system capacity, and the QoS
requirement. Since all constraints define closed and bounded intervals on the real line,
Qi(q−i) is compact. Moreover, as the intersection of convex sets (intervals), Qi(q−i) is
also convex.

The utility function of node i is:

Ui(qi) =
αiqi

1 + βiqi
− pqi, (6)

which is strictly concave and continuously differentiable for αi, βi, p > 0.
Although the utility function Ui(qi) depends only on the local decision variable,

the coupling among nodes is introduced implicitly through the feasible set Qi(q−i) and
the SINR constraint. In particular, the interference term ∑j ̸=i gijqj induces cross-player
dependence, ensuring that each node’s optimal strategy is influenced by the allocation
decisions of all other nodes. Therefore, coupling in the proposed model is enforced at the
constraint level rather than directly embedded in the utility structure, which preserves
tractability while still capturing interdependent O-RAN dynamics such as interference and
shared resource competition.

The resulting interaction is a generalized Nash game:

max
qi∈Qi(q−i)

Ui(qi), ∀i ∈ B. (7)

5. Generalized Potential Game Construction
We now formally show that the SDN resource allocation game constitutes a generalized

potential game. The key feature is that each player’s feasible set depends on other players’
actions due to the coupling constraints.

5.1. Potential Function Definition

Consider the candidate potential function:

Φ(q) =
B

∑
i=1

Ui(qi) =
B

∑
i=1

(
αiqi

1 + βiqi
− pqi

)
, (8)

where Ui(qi) is the strictly concave utility of player i.

5.2. Generalized Potential Property

For any feasible unilateral deviation q′i ∈ Qi(q−i), the change in the potential function
equals the change in that player’s utility:

Φ(q′i, q−i)− Φ(qi, q−i) = Ui(q′i)− Ui(qi). (9)
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Since all other players’ actions remain fixed during the unilateral update (q′j = qj for
j ̸= i), we have:

Φ(q′i, q−i)− Φ(qi, q−i) =
B

∑
j=1

Uj(q′j)−
B

∑
j=1

Uj(qj)

= Ui(q′i)− Ui(qi), (10)

which satisfies the definition of an exact generalized potential game.

5.3. Feasible Sets and Coupling Constraints

We assume that the joint feasible set

Q = {q | qi ∈ Qi(q−i), ∀i ∈ B} (11)

is non-empty. Moreover, we assume that the total system capacity Qtotal is sufficiently large
such that there exists a strictly feasible allocation q◦ satisfying

B

∑
i=1

q◦i < Qtotal, γi(q◦) > θi, ∀i, (12)

which ensures that Slater’s condition holds for the coupled constraint structure. Under this
assumption, strong duality and well-defined KKT conditions apply to each player’s local
optimization problem.

5.4. Generalized Best Response Dynamics

Each update solves a local concave optimization problem, ensuring monotonic im-
provement of the potential function until convergence to a generalized Nash equilibrium.

6. Convergence Analysis
For any fixed q−i, the feasible set is the intersection of: (i) a closed interval [0, Qmax

i ],
(ii) the residual capacity, and (iii) an affine lower bound induced by the SINR constraint.
Therefore, Qi(q−i) is non-empty, compact, and convex provided total capacity is sufficient
to satisfy QoS requirements.

Theorem 1. Assume that for every player i, the feasible set Qi(q−i) is non-empty, compact, and
convex for all q−i, and that Slater’s condition holds. Under exact sequential generalized best
response dynamics (i.e., without perturbations or external normalization steps), the generated
sequence {q(t)} produces a non-decreasing potential function sequence {Φ(q(t))} whose limit
points are generalized Nash equilibria.

Proof. Step 1: Well-defined updates. Each utility is continuous and strictly concave, and
each feasible set is compact and convex. Hence, each best response exists and is unique.

Step 2: Monotonicity of potential. Under exact generalized best response updates (i.e.,
each player solves its local problem without perturbation or post-update projection),

Φ(q(t+1))− Φ(q(t)) = Ui(q
(t+1)
i )− Ui(q

(t)
i ) ≥ 0. (13)

Step 3: Boundedness. Since feasible sets are bounded and Φ is continuous, the
monotone sequence {Φ(q(t))} converges.

Any accumulation point satisfies the fixed point condition and is therefore a general-
ized Nash equilibrium.
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Relationship Between Theory and Perturbed Implementation

The convergence result established in Theorem 1 applies to exact generalized best-
response dynamics:

q(t+1)
i = Bi(q

(t)
−i ). (14)

The simulation study incorporates Gaussian perturbations and proportional normal-
ization as implementation-oriented mechanisms to improve numerical robustness and
enforce feasibility.

The theoretical convergence proof does not include these additional operations. There-
fore, the monotonicity result

Φ(q(t+1)) ≥ Φ(q(t)) (15)

is guaranteed only for the exact best-response dynamics.
In the simulations, perturbations are selected with sufficiently small variance and

normalization is applied solely to enforce feasibility under finite-precision computations.
Consequently, the simulated algorithm should be interpreted as a perturbed approximation
of the theoretical dynamics. A rigorous convergence analysis of the perturbed process
constitutes an interesting direction for future research.

7. Fixed Point Stability Analysis
Define

Bi(q−i) := arg max
qi∈Qi(q−i)

Ui(qi), (16)

B(q) = (B1(q−1), . . . ,BB(q−B)). (17)

An equilibrium satisfies
q∗ = B(q∗). (18)

Since utilities are strictly concave and feasible sets convex, each player has a unique
best response, making the mapping locally single-valued.

Consider the Jacobian:

Jij =
∂Bi
∂qj

∣∣∣∣
q∗

. (19)

We restrict attention to equilibria that lie in the interior of the feasible region, i.e.,
equilibria at which neither the total capacity constraint nor the SINR constraints are active.
Under this interior-point assumption and Slater’s condition, the KKT system is differ-
entiable in a neighborhood of the equilibrium, and the best response mapping is locally
continuously differentiable.

If ρ(J) < 1, where ρ(·) denotes the spectral radius, the best response mapping is locally
a contraction in a neighborhood of the equilibrium, implying local asymptotic stability
of the generalized Nash equilibrium. Because feasible sets depend smoothly on q and
constraint qualifications hold, the best response mapping is locally Lipschitz continuous.

The local stability is based on an interior-point assumption where neither SINR con-
straints nor capacity constraints are active. In practical O-RAN deployments, equilibrium
solutions may lie on the boundary of the feasible region due to tight QoS or resource limita-
tions. In such cases, the Jacobian-based contraction analysis may no longer directly apply.
Therefore, the uniqueness and stability claims should be interpreted as local properties
valid in the interior regime, while boundary equilibria may require alternative variational
inequality or projected dynamical system analysis.
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7.1. Practical O-RAN Considerations and Model Scope

The proposed formulation intentionally focuses on the resource-allocation layer of
the O-RAN architecture in order to establish the game-theoretic properties of the system.
Several practical O-RAN characteristics are abstracted into the coupling coefficients and
system constraints. Specifically:

Fronthaul bandwidth limitations can be incorporated through additional linear con-
straints of the form

∑
i∈Fm

qi ≤ CFH
m , (20)

where CFH
m denotes the capacity of fronthaul segment m.

Fronthaul latency effects may be reflected through latency-dependent efficiency
coefficients

gii(t) = giiLi(t), (21)

where Li(t) captures latency degradation.
Dynamic node admission and removal can be represented by a time-varying player set

B(t) ⊆ C ∪D. (22)

Time-varying wireless conditions can be modeled through time-dependent coupling
coefficients

gij(t). (23)

The present work focuses on the static resource-allocation snapshot, which is a stan-
dard first step in generalized Nash equilibrium analysis. The extension to dynamic envi-
ronments is discussed in Section 7.2.

7.2. Dynamic and Time-Varying Extension

The stability analysis developed in Section 7 focuses on a static generalized Nash game
corresponding to a network snapshot.

For a time-varying environment, the system parameters become functions of time:

gij = gij(t), Qtotal = Qtotal(t), B = B(t). (24)

The resulting equilibrium trajectory is

q∗(t). (25)

If parameter variations are sufficiently slow compared to the convergence speed of the
generalized best-response dynamics, the equilibrium tracking error satisfies

∥q(t)− q∗(t)∥ ≤ ϵ(t), (26)

where ϵ(t) depends on the rate of parameter variation.
Consequently, the static equilibrium analysis may be interpreted as a quasi-static

approximation of a slowly varying O-RAN environment. A rigorous treatment of dynamic
generalized Nash games remains an important direction for future work.

8. Results
We simulate an SDN-controlled O-RAN environment with B = 5 network nodes (CUs

and DUs) competing for a shared resource pool of total capacity Qtotal = 40. Each node
i ∈ {1, . . . , B} has a maximum resource limit Qmax

i sampled uniformly from [8, 12]. The
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background noise level is fixed at σ2 = 1. Allocation efficiency and coupling effects are
modeled by the matrix G = [gij], with self-gain gii ∼ U [5, 10] and cross-load coefficients
gij ∼ U [0.1, 1.0] for i ̸= j.

Each node’s minimum QoS requirement rmin
i ∼ U [1.2, 2.0] is converted to an SINR

threshold ensuring feasibility of the constrained optimization problem. Utility function
parameters are αi ∼ U [5, 10] and βi ∼ U [0.1, 0.5], while the unit resource price is p = 0.5.

Initial allocations q(0)i are sampled randomly from [0, Qmax
i ] and scaled proportionally

to satisfy ∑B
i=1 q(0)i ≤ Qtotal. The system evolves over T = 50 iterations using asynchronous

generalized best response updates. At each iteration, a randomly selected node solves
its local constrained utility maximization problem over the feasible set. Small Gaussian
perturbations are introduced to avoid numerical degeneracies and boundary stagnation in
finite-precision computations. If the total allocation exceeds Qtotal, all qi are proportionally
scaled to maintain global feasibility. The simulation parameters of the experiments are
given in Table 1.

Table 1. Simulation Parameters for SDN-controlled O-RAN Environment.

Parameter Distribution/Value Description

B 5 Number of network nodes
Qtotal 40 Total resource capacity
Qmax

i U [8, 12] Maximum allocation per node
σ2 1 Background noise level
gii U [5, 10] Self-gain coefficient
gij U [0.1, 1.0] Cross-load coefficient, i ̸= j
rmin

i U [1.2, 2.0] Min QoS (bits/s/Hz)
θi Computed SINR threshold for QoS
αi U [5, 10] Utility gain parameter
βi U [0.1, 0.5] Utility congestion parameter
p 0.5 Unit price of resource usage
T 50 Number of iterations
q(0)i Random fraction of Qmax

i Initial allocation, normalized

In Figure 1, Node 4 consistently receives the highest and most stable allocation (just
below 9.6 units), suggesting it either contributes most to the system potential or has
the strongest utility response in the game dynamics, possibly due to lower interference
sensitivity. In contrast, Node 2 receives the lowest and most volatile allocation (around
5 units), indicating a lower strategic advantage or diminished marginal utility—typical
in games where players compete for limited resources. Meanwhile, Nodes 1, 3, and 5
converge rapidly to mid-range allocations (between 7.8 and 8.9 units), reflecting equilibrium
behavior where no player has an incentive to unilaterally deviate. The quick convergence
and stability of the allocations confirm the existence of a Nash equilibrium or a potential
game framework that guides the system toward an efficient and stable state.

Figure 2 shows that all nodes’ SINR levels stabilize quickly within the first few iter-
ations, indicating that the resource allocation algorithm converges efficiently to a steady
state. Each node exceeds the target SINR threshold, with Node 2 positioned just above it,
suggesting minimal but sufficient resource allocation to meet performance requirements.
Nodes 1 and 4 achieve notably higher SINR margins, which may be due to more favorable
channel conditions or higher utility in the optimization objective. Notably, Node 4 exhibits
a slight decrease in SINR over time, reflecting adjustments in allocations as other nodes,
such as Node 2, compete for the shared capacity.
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Figure 1. Resource Allocation Over Time.

Figure 2. SINR Performance Over Iterations.

Figure 3 shows the utility value over iterations for five nodes in a system, reflecting
how well each node performs in terms of its assigned objective. All nodes rapidly reach
a stable utility value within the first few iterations, indicating fast convergence of the
algorithm. Node 5 consistently achieves the highest utility, suggesting it benefits the most
from the resource allocation—possibly due to favorable channel conditions or a higher
priority weight—while Node 4 also shows high performance. In contrast, Node 2 has the
lowest utility, likely due to stricter constraints such as poor channel conditions or limited
resource allocation caused by optimization trade-offs. The flat plateaus across all curves
indicate that utility values remain stable post-convergence, confirming the robustness of
the optimization. Overall, the plot demonstrates that the system effectively balances utility
across nodes, though the outcomes differ due to varying underlying factors.
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Figure 3. Individual Utility Over Time.

Figure 4 shows the Euclidean distance between successive iterations of the resource
allocation vector q. This measures how much the strategy profile is changing at each step.
A high value at the beginning indicates that players are making large adjustments to their
resource allocations in response to others. As the iterations proceed, the distance steadily
decreases, approaching zero, which signifies that each player’s allocation is stabilizing.
This trend reflects convergence toward a generalized Nash equilibrium, where no player
has an incentive to unilaterally deviate. The plot, therefore, illustrates the system’s dynamic
settling process and confirms that the game reaches a steady, self-enforcing state over time.

Figure 4. Distance to Equilibrium Over Time.

Table 2 presents the resource allocation values for five nodes across selected iterations
of the optimization process, along with the corresponding total potential function values.
Each row corresponds to a specific iteration (0, 10, 20, 30, 40, 49), showing how the alloca-
tions for nodes 1 through 5 evolve over time. The resource values remain relatively stable
with slight fluctuations, indicating gradual convergence towards an equilibrium. Concur-
rently, the total potential exhibits minor fluctuations from 121.012 at iteration 0 to 120.550
at iteration 49, due to the perturbation and normalization steps used in the simulation.
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Table 2. Resource allocations qi and potential at selected iterations.

Iteration q1 q2 q3 q4 q5 Potential

0 8.733 4.829 8.952 9.557 7.929 121.012
10 8.710 4.943 8.906 9.532 7.908 120.922
20 8.683 5.023 8.888 9.513 7.893 120.840
30 8.714 4.943 8.905 9.537 7.901 120.919
40 8.712 4.932 8.915 9.539 7.902 120.920
49 8.622 5.302 8.826 9.422 7.828 120.550

Although exact generalized best response dynamics guarantee a non-decreasing po-
tential function, the simulation incorporates proportional normalization steps and small
Gaussian perturbations to maintain strict feasibility and avoid numerical degeneracies.
These additional operations slightly perturb the theoretical ascent property, resulting in
minor fluctuations of the potential value.

To evaluate the effectiveness of the proposed randomized best-response potential
game, two conventional baseline schemes were considered: equal allocation and greedy
allocation. In the former, the total available resource is distributed uniformly among all
users while respecting individual resource constraints, while in the latter, the resources
are sequentially assigned to users with the highest utility priority metric, maximizing
immediate utility gains without accounting for interference coupling.

In Figure 5, the per-node SINR performance is illustrated. The proposed method
achieves consistently high SINR values across all nodes while maintaining balanced in-
terference management. For Node 1, the proposed framework achieves an SINR close to
5.3, outperforming the Equal Allocation scheme at approximately 4.6, while remaining
competitive with the Greedy approach near 5.9. For Node 4, the proposed method attains
an SINR around 4.7 compared to approximately 3.8 for Equal Allocation and 5.2 for Greedy
Allocation. Importantly, the proposed framework avoids the severe fairness degradation
observed in the Greedy baseline, where Node 2 experiences an SINR collapse close to zero
due to aggressive resource concentration toward dominant users. This behavior demon-
strates that the proposed interference-aware distributed optimization achieves a more
balanced SINR distribution while preserving high communication reliability for all users.

Figure 5. Per-Node SINR Comparison.

Figure 6 shows the per-node utility comparison. The proposed framework maintains
strong utility performance across the entire network while avoiding the instability and
unfairness observed in the baseline methods. Node 1 achieves a utility value around
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25 under the proposed method compared to nearly 23 for Equal Allocation and 26 for
the Greedy approach. Similarly, Node 4 obtains a utility close to 33 under the proposed
framework, outperforming Equal Allocation at approximately 31 while remaining close
to the Greedy allocation near 34. A key observation concerns Node 2, where the Greedy
baseline causes the utility to collapse close to zero because most resources are allocated
to high-priority users. In contrast, the proposed model preserves a positive and stable
utility around 5.5 for Node 2, confirming that the distributed game-theoretic resource
adaptation maintains fairness and prevents user starvation while still maximizing the
global network utility.

Figure 6. Per-Node Utility Comparison.

Figure 7 illustrates the convergence behavior of the global network potential over
the iterations. The proposed model converges rapidly and stabilizes around a network
potential value near 120.8–121 throughout the optimization horizon. In comparison, the
Equal Allocation baseline converges to significantly lower values around 116.5–117.8, while
the Greedy Allocation scheme initially starts near 120 but gradually deteriorates toward
approximately 117 due to interference accumulation and unfair resource concentration.
The proposed framework therefore achieves both higher stability and higher long-term
network efficiency. The smooth convergence profile further validates the effectiveness of
the randomized best-response dynamics in driving the distributed system toward a stable
equilibrium operating point under SINR and resource constraints.

Figure 8 illustrates the per-node utility performance of the proposed generalized
potential game-based resource allocation scheme compared with the convex optimiza-
tion, proportional fairness (PF), water-filling, and Stackelberg-game benchmarks under
the considered SDN-controlled O-RAN scenario. The results show that the proposed ap-
proach achieves a balanced utility distribution among all network nodes while preserving
competitive performance with respect to the alternative optimization strategies.

For Node 1, the proposed method achieves a utility value of approximately 25, which
is comparable to the convex optimization approach (≈25) and slightly lower than the PF
scheme (≈26). In contrast, the Stackelberg formulation provides a significantly lower utility
of approximately 16, indicating that the leader–follower resource allocation mechanism
may prioritize specific nodes while reducing the utility contribution of individual nodes.
Similarly, for Node 2, all resource allocation methods achieve relatively low utility values
due to the stricter resource and QoS constraints of this node. The proposed method reaches
approximately 5.5, closely matching the convex approach (≈5.5), water-filling (≈5), and
Stackelberg (≈5.5), while PF obtains a slightly lower value of approximately 4.5. For Node
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3, the proposed framework achieves a utility of approximately 20.5, remaining close to
convex optimization (≈20.5) and water-filling (≈20.5), while outperforming PF (≈19.5) and
Stackelberg (≈20). For Node 4, the proposed approach obtains a utility value close to 33,
demonstrating similar performance to convex optimization (≈33.5) and PF (≈34), while
providing a higher utility than water-filling (≈31) and Stackelberg (≈23). Finally, for Node
5, the proposed method achieves approximately 36.5, which is competitive with convex
optimization (≈37.5) and PF (≈37.5), while clearly outperforming water-filling (≈36) and
Stackelberg (≈26.5). The proposed resource allocation strategy achieves near-optimal utility
performance compared with centralized optimization-based methods while maintaining
distributed decision-making and equilibrium convergence properties. Although PF and
convex optimization obtain slightly higher utility values for some individual users, the pro-
posed game-theoretic approach provides a more balanced allocation among O-RAN nodes.

Figure 7. Convergence Comparison.

Figure 8. Per-User Utility Comparison with Sophisticated Baselines.

Figure 9 presents the convergence behavior of the proposed generalized potential
game-based resource allocation framework compared with the convex optimization, PF,
water-filling, and Stackelberg-game approaches. The network potential value is used

https://doi.org/10.3390/fi18070363

https://doi.org/10.3390/fi18070363


Future Internet 2026, 18, 363 17 of 21

to evaluate the overall effectiveness of the resource allocation process across the SDN-
controlled O-RAN nodes, where higher values indicate improved collective utility per-
formance. The proposed method starts from a network potential value of approximately
120.8 and remains highly stable throughout the optimization process, converging around
120.5–120.8 after approximately 10 iterations. The small fluctuations observed in the pro-
posed approach are caused by the stochastic perturbation mechanism introduced during
the best-response updates, which improves numerical stability while maintaining the fea-
sibility of the resource allocation process. The rapid stabilization demonstrates that the
distributed decision-making process reaches a stable equilibrium within a small number
of iterations.

Figure 9. Convergence Comparison with Sophisticated Baselines.

The convex optimization baseline gradually improves its performance from an initial
value of approximately 118 and converges to around 121.8 after 50 iterations. This behavior
is expected since the convex approach directly optimizes the resource allocation objective
through an iterative numerical procedure. However, unlike the proposed distributed game-
theoretic formulation, it does not explicitly model the strategic interaction among O-RAN
nodes. The proportional fairness (PF) approach achieves the highest transient performance
during the initial iterations, increasing from approximately 120 to a peak value close to
122 within the first five iterations. After this point, the potential value gradually decreases
and stabilizes around 121.3. This indicates that PF provides efficient resource balancing
among nodes, but its static fairness-driven allocation mechanism does not fully capture
the coupled interference and QoS constraints considered in the proposed generalized
Nash game.

The water-filling method exhibits stable convergence but reaches a lower final potential
value, starting from approximately 117.5 and reaching a final value near 116.5. Although
water-filling is effective for classical resource allocation problems with known channel
conditions, the reduced potential value in this scenario highlights its limitation in handling
the coupled resource competition and heterogeneous QoS requirements of the SDN-enabled
O-RAN environment. The Stackelberg-game benchmark exhibits the weakest convergence
performance, decreasing significantly from approximately 115 at initialization to nearly
92 after 50 iterations. This degradation is attributed to the leader–follower structure, where
resource decisions are influenced by the selected leader strategy and may lead to inefficient
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allocation for follower nodes. The result indicates that hierarchical decision-making may
reduce the overall network utility when multiple O-RAN nodes compete under shared
capacity and interference constraints.

Discussion of Comparative Performance and Justification of Results

The better performance of the proposed generalized potential game framework stems
from its ability to explicitly model the coupling between users through the SINR-based
interference structure while simultaneously enforcing global feasibility via shared resource
constraints. Unlike equal allocation strategies, which ignore channel heterogeneity and
interference coupling, and greedy allocation methods, which prioritize instantaneous utility
without considering system-wide equilibrium effects, the proposed approach ensures that
all users jointly converge to a stable operating point that satisfies both QoS constraints and
resource limitations. This equilibrium-driven behavior explains the observed improve-
ments in fairness and stability across Figures 5–7. In particular, the proposed method
avoids the severe utility collapse observed under greedy allocation by preventing over-
concentration of resources on high-gain users. At the same time, it achieves higher global
efficiency than equal allocation by exploiting channel diversity and utility heterogeneity
through best-response adaptation.

Furthermore, compared to sequential and numerical optimization techniques such
as Sequential Quadratic Programming (SQP) [29], the proposed method provides a dis-
tributed and scalable alternative. SQP-based approaches solve a centralized nonlinear
optimization problem at each iteration, requiring full network state information and in-
curring high computational complexity, especially in large-scale O-RAN deployments. In
contrast, the proposed generalized best-response dynamics decompose the problem into
local convex subproblems that can be solved independently by each node, significantly
reducing computational overhead while preserving convergence guarantees under con-
vexity and Slater-type conditions. Importantly, while SQP methods may achieve locally
optimal solutions under differentiability assumptions, they are not inherently designed for
distributed implementation under coupled feasibility constraints. The proposed potential
game formulation, on the other hand, guarantees monotonic improvement of the potential
function and convergence to a generalized Nash equilibrium without requiring centralized
coordination or global gradient computations.

The comparison with classical baselines further highlights the benefits of the proposed
framework. Equal allocation fails to exploit channel diversity, leading to suboptimal utiliza-
tion of the resource pool, whereas greedy allocation disregards interference externalities,
resulting in unfairness and instability. The proposed method achieves a balance between
efficiency and fairness by aligning individual incentives with the global potential function,
thereby ensuring stable convergence as shown in Figure 7. Furthermore, the compari-
son with advanced optimization and game-theoretic benchmarks demonstrates that the
proposed framework maintains competitive utility performance with respect to convex
optimization and proportional fairness approaches, while avoiding the significant utility
degradation observed in the Stackelberg formulation.

9. Discussion on Scalability and Service-Type Considerations
The numerical evaluation employs a five-node O-RAN scenario primarily to illustrate

the equilibrium behavior and convergence properties of the proposed generalized potential
game. The computational complexity of each best-response update remains independent
of network size except through the interference aggregation term

∑
j ̸=i

gijqj, (27)
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suggesting applicability to significantly larger deployments.
Nevertheless, large-scale O-RAN scenarios involving tens or hundreds of nodes were

not investigated in the current study and represent an important direction for future work.
Similarly, the proposed framework is service-agnostic. Different service classes may be
incorporated through different QoS thresholds

θURLLC
i > θeMBB

i , (28)

or through differentiated utility parameters

(αi, βi). (29)

Dedicated evaluations for eMBB and URLLC traffic profiles are left for future investigations.

10. Conclusions
We formulated the resource allocation problem among CUs and DUs as an exact

generalized potential game with shared resource constraints. The coupling among players
arises through a global spectrum constraint, while individual utilities remain separable and
strictly concave. The resulting joint feasible set is convex and satisfies Slater’s condition,
ensuring well-defined optimization and the applicability of KKT optimality conditions.

We proved that the game admits an exact potential function equal to the sum of
individual utilities. Consequently, any generalized Nash equilibrium coincides with the
maximizer of the potential function over the joint feasible set. The strict concavity of the
potential guarantees the uniqueness of the equilibrium solution.

Numerical results demonstrated stable convergence of the perturbed and normalized
best-response dynamics toward the equilibrium allocation. Although proportional nor-
malization and small Gaussian perturbations were introduced to maintain feasibility and
mitigate numerical degeneracies, the potential function exhibited consistent stabilization,
confirming the robustness of the proposed framework in practical implementations. The
supervisory role of the SDN controller, implemented through adaptive pricing, enables
controlled regulation of aggregate resource usage while preserving distributed decision-
making. Moreover, the results show that the proposed approach rapidly converges toward
a stable operating point within a small number of iterations while maintaining high net-
work potential and balanced resource allocation among heterogeneous nodes. The utility
analysis shows that the proposed framework achieves better performance than classical
baselines and competitive performance compared to centralized convex optimization,
proportional fairness, water-filling, and Stackelberg-based approaches. In particular, the
proposed method maintains utility values close to the optimization-based schemes while
providing a more balanced performance across users compared with hierarchical and
non-cooperative strategies.

While the proposed framework provides a tractable and theoretically grounded for-
mulation for SDN-enabled O-RAN resource allocation using a generalized potential game,
several limitations should be acknowledged. First, the current model adopts a quasi-static
formulation, where network parameters such as channel gains and coupling coefficients
are assumed to remain constant during the convergence of the game dynamics. In practice,
O-RAN environments exhibit fast time-varying channel conditions, dynamic traffic arrivals,
and user mobility, which may require extending the analysis to fully dynamic or stochastic
generalized Nash game settings. Furthermore, the resource abstraction qi is modeled in a
unified form to ensure analytical tractability. However, in practical deployments, resources
may be heterogeneous (e.g., spectrum, computing, and fronthaul resources), and a more
detailed multi-dimensional resource allocation framework would further enhance realism.
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Similarly, the distinction between CU and DU functional roles is captured through param-
eters rather than explicit architectural constraints, which may be refined in future work
using hierarchical or multi-layer game formulations.

Beyond SINR, utility, and potential convergence, a comprehensive evaluation of
O-RAN resource allocation frameworks should include additional system-level metrics.
These include end-to-end throughput, latency, energy efficiency, Jain’s fairness index,
resource utilization efficiency, QoS violation probability, and convergence time. Such
metrics provide a more complete assessment of system performance, capturing not only
equilibrium properties but also practical service-level effectiveness in SDN-enabled O-
RAN deployments.

Moreover, the current analysis assumes perfect local information and reliable exchange
of coupling-related parameters. Relaxing this assumption to incorporate imperfect informa-
tion, delayed feedback, or partial observability would be an important extension toward
practical implementation in distributed O-RAN systems. Finally, future research may
explore large-scale deployments with hierarchical control structures, learning-augmented
best-response dynamics, and robust formulations under uncertainty [30]. These direc-
tions would further bridge the gap between theoretical generalized potential games and
real-world O-RAN operational environments.

The current evaluation assumes nominal operating conditions with bounded pa-
rameter variability. In practical O-RAN deployments, however, resource allocation deci-
sions must remain robust under rare or unseen network states, including sudden traffic
surges, channel disruptions, and node failures. Future extensions may incorporate out-of-
distribution (OOD) augmentation strategies inspired by robust learning frameworks [31],
where training and evaluation are performed under perturbed or adversarial network con-
figurations. Such approaches can stress-test the stability of the proposed game dynamics
and improve resilience under non-stationary O-RAN environments.
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