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Abstract—Mobile Edge Computing (MEC) requires Network
Operators (NOs) to undertake substantial infrastructure invest-
ments, while most revenues are captured by Service Providers
(SPs) offering end-user applications. This cost-revenue imbalance
discourages NOs from investing in MEC deployment, despite
increasing demand for low-latency and bandwidth-intensive ser-
vices. This paper proposes a co-investment scheme in which
players, i.e., one NO and multiple SPs, jointly deploy, maintain,
and share MEC infrastructure over multiple decision epochs.
We devise a new coalitional game model that captures the
planning of resources, their allocation among players, and cost
and revenue sharing. To address fluctuating user demand and
evolving participation incentives, we design a mechanism that
updates resources and allows the dynamic entrance and exit of
players over time. We sustain cooperation through a compen-
sation scheme. Numerical results show that combining resource
updates with dynamic participation increases the total payoff and
strengthens the NO’s incentive to invest.

Index Terms—Mobile Edge Computing, Co-investment, Net-
work planning, Coalitional Game.

I. INTRODUCTION

Mobile Edge Computing (MEC) depends on distributed
infrastructure deployed close to end users in order to support
general-purpose, low-latency and bandwidth-intensive com-
pute services [1], open to end-users of different Service
Providers (SPs). This requires Network Operators (NOs), such
as Comcast, to bear substantial capital expenditures (CAPEX)
and operational expenditures (OPEX) for deploying and main-
taining edge resources [2]. However, NOs argue that these
investments may not generate a sufficient return [3]. This con-
cern is reinforced by the current revenue structure: third-party
SPs, such as Netflix or future virtual-reality service providers,
capture most revenues from end users, while the underlying
infrastructure costs are mainly sustained by NOs [4]. Hence,
large-scale MEC deployment requires a fairer allocation of
investment responsibilities, where SPs also contribute to the
infrastructure from which they benefit [3]. Yet, despite the
technological readiness of MEC, no widely adopted investment
model has emerged, and MEC remains under-deployed [5].

To address this barrier, we propose a co-investment scheme
in which players, namely a NO and multiple SPs, jointly
deploy and maintain MEC infrastructure, while sharing both
costs and revenues. This setting involves strategic interactions

among heterogeneous players with different roles and incen-
tives. In particular, the NO provides the infrastructure, whereas
SPs exploit the deployed resources to serve end users. As
a result, individual incentives may not align with collective
efficiency, since players may benefit differently from the same
infrastructure. We therefore model MEC co-investment as a
coalitional game, which allows us to capture how groups of
players cooperate, how the joint payoff is generated, and how
this payoff can be allocated among participants.

In addition, user demand for MEC services may vary over
time due to daily traffic patterns, seasonal effects, and changes
in service popularity. Hence, deciding how much edge capacity
to deploy and how to allocate it among SPs is a key challenge.
To address this issue, we allow infrastructure capacity (e.g.,
resources such as CPU) and resource allocation to be updated
over time. This enables the coalition to better match deployed
resources with traffic variations, reducing both unused capacity
and capacity shortages. A further challenge is that player
participation in MEC co-investment may evolve over time.
Players may join, remain in, or leave the co-investment de-
pending on the payoff they obtain from cooperation. While
dynamic participation improves flexibility, it may reduce the
payoff of players who remain in the coalition. Therefore,
a mechanism is needed to regulate coalition changes and
compensate affected players.

Our main contributions are:
• We model a MEC co-investment scheme between a NO

and SPs as a coalitional game, in which players jointly
deploy and maintain edge infrastructure, share costs and
revenues, and make network planning decisions (edge
capacity and allocation) to maximize payoff.

• We design a mechanism to regulate the updates of the
infrastructure resources, and the decisions of players
to join, leave, or remain in the co-investment. Such
actions are subject to monetary compensations, which we
calculate so as to encourage cooperation over time.

We show numerically that infrastructure updates and dy-
namic participation over time improve MEC co-investment
performance. Together, they increase both the total payoff and
the NO’s payoff. Thus, the proposed co-investment scheme
strengthens the NO’s incentive to deploy new MEC infrastruc-
ture and sustain long-term cooperation with SPs. We release
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our code as open source to ensure reproducibility [6].
The remainder of the paper is organized as follows. Sec-

tion II reviews related work. Section III presents the system
model and coalitional game formulation. Section IV introduces
the dynamic participation mechanism. Section V discusses the
numerical results. Section VI concludes the paper.

II. RELATED WORK

Cooperation between NOs and SPs already exists in prac-
tice. For instance, Netflix engages in paid peering with NOs
and deploys caching infrastructure within their networks, re-
flecting technical and commercial cooperation [7]. Similar ar-
rangements also arise when SPs are bundled with NOs, includ-
ing revenue-sharing mechanisms [8]. Our work is grounded
in these existing forms of cooperation and extends them by
enabling joint investment in network infrastructure.

Existing MEC studies mainly focus on resource allocation,
pricing, or utilization over already deployed infrastructure.
Examples include resource slicing by NOs [2], cooperation
among edge nodes [1], joint resource planning over existing
edge nodes [9], multi-stage task offloading and resource al-
location [10], resource rental by SPs [11], and infrastructure
utilization improvement [12]. In contrast, our work focuses
on cooperative investment between a NO and SPs for jointly
deploying and maintaining new MEC infrastructure.

Cooperative infrastructure deployment has also been studied
through co-investment [13], joint budget allocation [14], and
bilateral investment models [15], [16]. However, these works
typically consider homogeneous cooperating entities. In con-
trast, we consider heterogeneous players with different roles
and incentives: the NO owns and operates the infrastructure,
while SPs generate revenue by using it.

Closest to our work, [17], [18] study MEC co-investment
between a NO and SPs, but assume that both the deployed
capacity and the set of participating players are fixed in
advance. In contrast, we consider a multi-epoch setting in
which infrastructure capacity can be updated to follow demand
variations, and participation decisions can evolve over time.

Dynamic coalition formation has been studied in different
contexts. Sequential coalition formation is considered in [19],
where players join coalitions through proposals but cannot
revise their participation. Coalitions evolving over discrete
time are analyzed in [20], where deviations lead to subgames
without re-merging.

Other works consider adaptive coalition changes, such
as payoff-based participation updates [21], merge-and-split
rules [22], and join-leave-remain decisions [23]. However,
these works do not jointly address infrastructure dimensioning,
payoff allocation, and the use of transfer mechanisms to
regulate participation and support cooperation over time.

To the best of our knowledge, this is the first work to
model MEC co-investment with both infrastructure updates
and dynamic participation, while using transfer fees, exit
penalties, and compensations to regulate coalition transitions.

III. SYSTEM MODEL

We consider a Mobile Edge Computing (MEC) system
where a set of players N := {NO,SP1, . . . , SPN} consists
of one Network Operator (NO) and multiple Service Providers
(SPs). The investment period I is divided into decision inter-
vals Ik, indexed by decision epochs k ∈ T := {1, . . . ,K}.
Each interval Ik has duration ∆ (e.g., one year).

At the beginning of each decision epoch k, players decide
whether to participate in the co-investment, forming a coalition
Sk ⊆ N . If a coalition Sk forms, its participants jointly
decide the total MEC capacity Ck ∈ R+ to deploy. This
capacity is then maintained over the corresponding decision
interval Ik. The deployment and maintenance cost, denoted by
Cost(Ck, Ck−1), depends on the previously installed capacity
Ck−1 and the new capacity Ck. We set C0 = 0, so that
Cost(C1, C0) corresponds to the initial deployment cost.

The cost includes (i) a capacity adjustment cost, capturing
infrastructure upgrades or reductions, including fixed costs
associated with technical intervention, and (ii) a maintenance
cost proportional to the deployed capacity Ck and the duration
of the decision interval Ik.

Each decision interval Ik is divided into time slots t. At
each time slot, the NO allocates the available capacity Ck

among the SPs in Sk. Let ht
i,k ∈ R+ denote the amount of

capacity allocated to SP i ∈ Sk at time slot t, subject to:∑
i∈Sk

ht
i,k ≤ Ck, ∀t ∈ Ik (1)

Each SP uses its allocated capacity to serve users and derives
utility ut

i,k(h
t
i,k), representing its revenue at time slot t.

The total payoff of coalition Sk at epoch k is given by:

vk(Sk) =
∑
t

∑
i∈Sk

ut
i,k(h

t
i,k)− Cost(Ck, Ck−1) (2)

A. Assumptions

We make the following standard assumptions.

Assumption 1. For all i ∈ Sk and time slots t ∈ Ik, the
utility function ut

i,k(h
t
i,k) is non-negative, non-decreasing, and

concave, capturing diminishing returns. Moreover, no revenue
is generated without allocated capacity, i.e., ut

i,k(0) = 0.

Non-negativity ensures that MEC usage does not generate
negative revenue. Monotonicity reflects that allocating more
capacity enables an SP to serve more requests or improve
service quality, thereby increasing revenue. Concavity captures
diminishing marginal returns: after a certain level of allocation,
additional capacity provides progressively smaller gains.

Assumption 2. The NO does not directly generate revenue
from MEC services, as it does not interact directly with end
users and is not allocated any capacity. Hence, its utility is
zero: ut

NO,k(0) = 0, ∀t.

The NO derives its payoff as a share of the total payoff.



Given a coalition Sk, the capacity Ck and the allocation
Hk = {ht

i,k}i∈Sk, t∈Ik
are chosen to maximize the total

coalition payoff:

(C∗
k , H

∗
k) := argmax

Ck,Hk

vk(Sk)

s.t.
∑
i∈Sk

ht
i,k ≤ Ck, ∀t ∈ Ik,

ht
i,k ≥ 0, ∀i ∈ Sk, t ∈ Ik

(3)

where vk(Sk) is defined in (2).

B. Coalitional Game Formulation

To model MEC co-investment, we formulate the interaction
among players as a coalitional game with transferable utility.

Definition 3. A coalitional game with transferable utility,
capacity update and dynamic participation is defined in char-
acteristic form over a finite set of decision epochs T :=
{1, . . . ,K} as the pair G = ⟨N , {vk}k∈T ⟩ , where N is the
set of players and vk : 2N → R assigns to each coalition
Sk ⊆ N its value at epoch k.

The coalitional game in Definition 3 is not a sequence of
independent games. Consecutive epochs are linked through
past infrastructure capacity decisions and payoffs.

1) Stability Notions: A key question is whether a coalition
remains stable over the upcoming decision interval Ik, i.e.,
whether no subset of players has an incentive to deviate during
that interval.

Definition 4. A coalition Sk is stable if there exists a payoff
allocation {xSk

i,k}i∈Sk
such that:

1) Coalitional rationality (CR):∑
i∈S′

xSk

i,k ≥ vk(S ′), ∀S ′ ⊆ Sk

2) Group rationality (GR):∑
i∈Sk

xSk

i,k = vk(Sk)

Proposition 5. Fix epoch k. The coalition Sk ⊆ N is stable
over interval Ik, i.e., there exists a stable payoff allocation.

Proof Sketch. The result follows from the fact that the coali-
tional game (Sk, vk) has a non-empty core, the latter defined
as a payoff allocation that satisfies Definition 4. One such
solution, albeit radical, is when total payoff is given to the NO,
the SPs in this case will have payoff equal to zero, which does
not prevent them from being in the coalition. This allocation
satisfies Definition 4, and hence the non-emptiness of the core,
and the stability of the coalition.

IV. MECHANISM FOR DYNAMIC PARTICIPATION

A. Mechanism Design

At epoch k, players decide whether to enter, remain in, or
leave the coalition. These decisions are driven by the payoff
they expect to obtain within the coalition.

Let Sk and Sk−1 denote the coalitions at epochs k and
k − 1, respectively. To maintain coalition cohesion under
such changes, we introduce transfer mechanisms. A player
i ∈ Sk \ Sk−1 entering the coalition pays an entry fee fi,k,
while a player i ∈ Sk−1\Sk leaving the coalition incurs an exit
penalty pi,k. Persistent players who remain in the coalition,
i.e., i ∈ Sk ∩ Sk−1, receive a compensation ci,k to offset
possible losses due to coalition reconfiguration. At the initial
epoch, no transfers apply: fi,1 = pi,1 = ci,1 = 0 for all i ∈ N .

Compensation ensures that persistent players do not lose
payoff when the coalition changes. Specifically, for each i ∈
Sk−1 ∩ Sk, we require:

ci,k ≥ max
{
x
Sk−1

i,k − xSk

i,k, 0
}
, (4)

where x
Sk−1

i,k denotes the payoff player i would receive if
the previous coalition persisted at epoch k. Positive values
of x

Sk−1

i,k − xSk

i,k represent reconfiguration loss. They must be
compensated for by ci,k to preserve participation incentives
for players who choose to remain.

The transfers are designed to preserve budget balance across
epochs, which requires that total compensations to persistent
players are covered by the entry fees (fi,k ≥ 0) and exit
penalties (pi,k ≥ 0) from joining and departing players, i.e.,∑

i∈Sk∩Sk−1

ci,k =
∑

i∈Sk\Sk−1

fi,k +
∑

i∈Sk−1\Sk

pi,k (5)

We impose simple conditions to ensure that entry and exit
decisions are individually rational. Entrants join only if their
payoff after paying the entry fee is non-negative:

xSk

i,k − fi,k ≥ 0, ∀i ∈ Sk \ Sk−1 (6)

Similarly, leavers exit only if their payoff after the exit penalty
is not positive:

x
Sk−1

i,k − pi,k ≤ 0, ∀i ∈ Sk−1 \ Sk (7)

Importantly, the payoff x
Sk−1

i,k represents the counterfactual
payoff that player i would have received had they remained in
the previous coalition. We calibrate the penalty against what
the player gives up, not what they would have received under
the new coalition from which they are absent.

Given Sk−1, a coalition Sk ⊆ N is feasible if there exist
transfers {fi,k, pi,k, ci,k} satisfying (4)–(7). We denote the set
of feasible coalitions at epoch k by Fk.

Transfer payments and payoff distribution are handled by
a trusted third party. This role is consistent with real-world
infrastructure sharing arrangements, where centralized enti-
ties often manage financial flows and operational coordina-
tion [24]–[26].

Assumption 6. A trusted third party manages the co-
investment plan, including revenue collection, payoff distribu-
tion, entry fees, and exit penalties. It selects, among feasible
coalitions, the coalition that maximizes the total payoff:

S∗
k ∈ argmax

Sk∈Fk

vk(Sk).



B. Payoff Allocation

We allocate the coalition payoff vk(Sk) using the nucleolus,
a coalitional solution concept that belongs to the core when
the core is non-empty. This solution favors stable payoff
allocations by minimizing the dissatisfaction of coalitions [27].
For a payoff allocation xk = {xSk

i,k}i∈Sk
, the excess of a sub-

coalition S ′ ⊆ Sk is defined as:

e(S ′, xk) = vk(S ′)−
∑
i∈S′

xSk

i,k

The nucleolus is the allocation that lexicographically mini-
mizes the ordered vector of coalition excesses, subject to group
rationality:

∑
i∈Sk

xSk

i,k = vk(Sk).
This allocation minimizes dissatisfaction among the most

dissatisfied coalitions, providing a stability-oriented rule for
distributing co-investment payoffs.

C. Coalition Formation Algorithm

At each epoch k, a sequential decision problem must be
solved: given C∗

k−1 and S∗
k−1, we determine the new coalition

S∗
k , along with the optimal capacity C∗

k and allocation H∗
k .

Dynamic participation requires enforcing budget balance via
transfers. We formalize this process through Algorithm 1.

Algorithm 1 Coalition formation at epoch k

Require: Player set N , previous capacity C∗
k−1, previous coalition

S∗
k−1

1: Initialize feasible coalition set: Fk ← ∅
2: for all candidate coalitions Sk ⊆ N do
3: Compute the optimal capacity C∗

k and value vk(Sk)(3)
4: Compute payoff allocation {xSk

i,k} (e.g., nucleolus)
5: if CR and GR (Definition 4) hold then
6: Compute transfers {fi,k}, {pi,k}, {ci,k} (6) (7) (4)
7: if budget balance (5) holds then
8: Add Sk to Fk

9: end if
10: end if
11: end for
12: Select optimal coalition: S∗

k ∈ argmaxSk∈Fk
vk(Sk)

13: return S∗
k , C

∗
k , {fi,k}, {pi,k}, {ci,k}

D. Computational Complexity Analysis

Let |N | be the number of players. Algorithm 1 explores
all candidate coalitions. Since coalitions that do not include
the NO cannot deploy infrastructure, they can be pruned. Thus,
only 2|N |−1 coalitions need to be evaluated. For each candidate
coalition Sk, the capacity and allocation problem (3) is solved
once. The payoff allocation step based on the nucleolus
requires considering the excesses of sub-coalitions. Since the
number of sub-coalitions is exponential in the coalition size,
this step has exponential complexity. Therefore, the overall
complexity per epoch is exponential in the number of players.

Since realistic infrastructure co-investment involves a lim-
ited number of strategic players, coalition sizes are typically
small [15], [17], [28]. Hence, the proposed algorithm remains
tractable in practice.

V. NUMERICAL RESULTS

A. Settings

We fix the parameters and functional forms for the numeri-
cal evaluation. These choices illustrate realistic scenarios and
may be adapted to specific use cases. Our theoretical analysis
remains valid under the assumptions in Section III.

We model SP benefits through a utility function that in-
creases with allocated capacity, exhibits diminishing returns,
and scales with SP load:

ut
i,k(h

t
i,k) = βi · lti,k ·

(
1− exp−ξ ht

i,k

)
where βi represents the revenue per unit of demand (or
request), lti,k is the load, i.e., the number of user requests
received by SP i at time slot t, and ξ controls how quickly the
utility saturates as more capacity is allocated. This functional
form captures the fact that additional capacity initially allows
an SP to serve more requests and increase revenue, but the
marginal benefit decreases once most of the demand can
already be handled.

Empirical studies reveal that traffic load follows periodic
patterns driven by daily cycles and seasonal trends [29]. We
model it as:

lti,k = Bt
i,k · St

i,k · Lt
i,k · δ

where Bt
i,k denotes the request arrival rate (in requests per unit

time), St
i,k models long-term seasonal trends (e.g., weekly or

monthly cycles), Lt
i,k represents the diurnal baseline, and δ is

the duration of each time slot t, so that lti,k is expressed in
number of requests. Following [17], we define:

Lt
i,k = a0 +

M∑
m=1

am · sin
(
2πm(t− tm)

24

)
where am and tm denote amplitude and phase shift, chosen
differently for each SP to introduce heterogeneity. This makes
SPs differ not only in their average demand, but also in the
timing and intensity of their daily traffic peaks.

To reflect practical MEC infrastructure costs, the model
captures: (i) asymmetry between expansion and reduction of
capacity, (ii) reconfiguration overheads, and (iii) maintenance
costs, through:

Cost(Ck, Ck−1) = d [Ck − Ck−1]
+ − κ [Ck−1 − Ck]

+

+ γ 1{Ck ̸=Ck−1} + d′ ∆Ck (8)

Here, d is the unit cost for adding capacity, κ is the monetary
income recovered per unit of released capacity, and γ is
the fixed cost of technical intervention incurred whenever
the capacity changes. The term d′ · ∆ · Ck represents the
maintenance cost over the interval duration ∆, where d′ is
the maintenance cost per unit of capacity per unit of time.

B. Evaluation

Parameters are chosen to reflect realistic MEC co-
investment scenarios, as summarized in Table I.

Algorithm 1 takes about 4 minutes per epoch for one NO
and five SPs on a 13th Gen Intel Core i9-13950HX CPU



TABLE I: Model Parameters

Parameter Value Description
d $10.94 per vcore [30] Unit cost for adding capacity

d′ $0.0225 per hour per vcore [30] Maintenance cost per unit of capacity

βi $6× 10−6 per request [31] Benefit factor of SP i

κ 0.6d Income recovered per released capacity

γ $1000 Cost of technical intervention

ξi 0.03 Diminishing returns parameter

I 5 years Investment period

K 5 epochs Decision epochs

∆ 1 year Duration of the decision interval

δ 1 hour Duration of each time slot t

(2.20 GHz), which is practical given the yearly execution of
the decision process.

To focus on co-investment scenarios, we consider settings
in which the NO always participates, reflecting its role as
infrastructure owner. SP participation varies across epochs
depending on the payoff generated by the coalition.

1) Total Payoff and Capacity: We consider four co-
investment schemes: static, update, dynamic, and update & dy-
namic. The static scheme assumes fixed capacity and fixed
participation over the entire investment period. The update
scheme allows the infrastructure capacity to be updated across
decision intervals while keeping participation fixed. The dy-
namic scheme assumes fixed capacity but allows participation
to change across epochs. The update & dynamic scheme
combines capacity updates with dynamic participation.

Fig. 1 reports the total payoff (k$) for the four schemes.
Fig. 2 shows the evolution of infrastructure capacity across
decision intervals, while Fig. 3 reports the aggregate end-user
demand across decision intervals.

As shown in Fig. 1, the update & dynamic scheme achieves
the highest total payoff. This is because it jointly adapts
the deployed capacity and the SP participation decisions to
the time-varying demand. When demand is high, such as in
interval 4 (see Fig. 3), updating capacity allows more MEC re-
quests to be served, while dynamic participation enables more
SPs to share the investment cost and benefit from the higher
revenue opportunity. When demand is low, such as in interval 3
(see Fig. 3), capacity can be reduced to avoid unnecessary
deployment cost, and participation can also adjust accordingly.
The static scheme obtains the lowest payoff because neither
capacity nor participation can respond to demand variations.
The update and dynamic schemes improve performance by
adapting only one decision variable, but they remain less
effective than the update & dynamic scheme because either
participation or capacity is still fixed.

Fig. 2 further explains this result. The capacity of the update
and update & dynamic schemes changes across intervals
and follows the aggregate end-user demand trend in Fig. 3.
Aggregate demand represents the total MEC service requests
generated by end users across SPs. Therefore, higher de-
mand requires more deployed capacity, whereas lower demand
requires less capacity. In contrast, the static and dynamic
schemes rely on fixed capacity, which may lead to overpro-
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Fig. 1: Total payoff across different schemes

visioning during low-demand intervals and underprovisioning
during high-demand intervals.

Overall, these results show that the best performance is
obtained when infrastructure capacity and SP participation
are jointly updated, since this better balances served demand,
deployment cost, and cost sharing among SPs.
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Fig. 3: Aggregate end-user demand across intervals

2) Network Operator Payoff: Beyond total coalition payoff,
we also evaluate the payoff obtained by the NO, since the NO
is the infrastructure owner and its incentive to participate is
essential for MEC deployment.

Fig. 4 reports the cumulative payoff of the NO over the five
decision intervals. The update & dynamic scheme provides
the highest NO payoff, showing that the NO benefits most
when both capacity and participation can adapt over time.
The update scheme outperforms the dynamic scheme because
capacity adaptation directly improves infrastructure utilization,
which is central to the NO’s role as infrastructure owner.
By contrast, dynamic participation alone mainly improves the
selection of SPs, but cannot correct capacity mismatches. The



static scheme yields the lowest NO payoff, since it cannot
respond to demand or participation changes. Overall, these
results show that flexibility increases the NO’s incentive to
deploy and maintain MEC infrastructure.
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Fig. 4: Cumulative payoff of the NO across different schemes

VI. CONCLUSION

In this paper, we modeled a co-investment scheme between
a NO and multiple SPs for MEC infrastructure deployment
and maintenance as a coalitional game. Players can update
infrastructure capacity and dynamically join, remain in, or
leave the co-investment over time. Cooperation is supported
through entry fees, exit penalties, and compensations. Our
results highlight the importance of flexibility in co-investment.
The scheme combining capacity updates and dynamic partici-
pation outperforms schemes with fixed capacity and participa-
tion, capacity updates only, or dynamic participation only. It
improves both the total payoff and the NO’s payoff, thereby
strengthening its incentive to invest.

Future work includes extending the model to multiple
resources and distributed edge nodes, as well as incorporating
uncertainty in demand and revenues.
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