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Abstract—With the rapid development of artificial intelligence,
a substantial number of computing-intensive applications have
emerged in Internet of Things (IoT) devices. The mobile-edge
computing (MEC) architecture enables the provision of abundant
computing and storage resources in close proximity to end users
(EUs), thereby effectively enhancing their Quality of Experience
(QoE). Nonetheless, both the MEC server and EUs are self-
interests, it is crucial to establish suitable incentive mechanism to
promote active engagement from both parties in the offloading
process. Therefore, we employ the Stackelberg game to describe
the interaction process between EUs and the MEC server, and
an optimal relationship between bandwidth and offloading task
size is established to simplify the decision problem for EUs.
Then, the optimal strategies for the MEC server and EUs are
solved using reverse induction. Given the limited resources of the
MEC server, we propose a dynamic programming-based resource
allocation (DPRA) algorithm to maximize the revenue of the
MEC server while ensuring the cost of each EU. The simulation
results demonstrate that the DPRA algorithm can reduce latency
and energy consumption costs, significantly outperforming other
comparative strategies in terms of performance at both EUs and
the MEC server.
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resource pricing, Stackelberg game, task offloading.
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I. INTRODUCTION

THE Internet of Things (IoT) is a crucial field in the 5G
era with vast application prospects. It can connect various

devices and objects, providing convenient, efficient, and secure
service experiences. The IoT technology has penetrated into
all aspects of human life, such as smart healthcare, intelligent
manufacturing, autonomous driving cars, virtual reality, and
so on [1]. It is predicted that the global IoT terminal count
is expected to reach 25 billion by 2025. With the rapid
development of artificial intelligence (AI), the demands for
computing-intensive applications are growing. These appli-
cations require more powerful and efficient computing and
storage resources to support complex tasks, such as deep
learning and big data processing [2]. Nonetheless, the physical
size of current devices is constrained, which in turn also limits
the computational capability and battery life of mobile devices.
As a result, it becomes challenging to ensure that end users
(EUs) receive the necessary Quality of Experience (QoE) [3].
Traditional cloud computing systems possess strong comput-
ing and storage resources. However, the performance of highly
time-sensitive task applications cannot always be effectively
guaranteed. This is because such applications require data
transmission over long distances, which may cause latency
issues [4].

Mobile-edge computing (MEC), as a new paradigm arising
from the convergence of mobile and cloud computing, deploys
computing and storage resources on edge servers (ESs) closer
to EUs, significantly reducing the amount of tasks sent to
remote clouds. By reducing the resource consumption of user-
owned devices, MEC provides better QoE for EUs. Compared
to cloud computing, MEC has several advantages, including
high reliability, low latency, low bandwidth demand, and data
privacy protection [5]. However, the MEC server typically
does not have as much resources as cloud computing center.
If a significant number of EUs offload their computing tasks
to the MEC server with limited computing and bandwidth
resources, it may result in wireless link congestion. This
congestion, in turn, negatively impacts the efficiency of task
offloading. Therefore, proper allocation and management of
wireless resources are crucial to ensure a smooth and efficient
task offloading process. To achieve this goal, joint optimization
of computing and related wireless resource allocation is nec-
essary [6]. Meanwhile, the MEC server is unwilling to engage
in the task offloading process without reward. Developing a
reasonable pricing strategy to value the resources is necessary.
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Therefore, it is essential to establish an appropriate incentive
mechanism between the MEC server and EUs for resources
allocation and pricing [7].

Some researchers have designed incentive strategies, such as
market-based pricing, auction theory-based, and game theory-
based. Among them, game theory serves as a mathematical
instrument for analyzing the interaction among multiple deci-
sion makers. Game theory considers the predicted behavior
and actual behavior of individuals in the game and explores
their optimal strategies. In particular, the Stackelberg game
is suitable for scenarios where game participants are in an
unequal status [8]. In this situation, the leader has a leadership
advantage and can take the initiative while followers need to
make decisions after the leader. All game participants are self-
interested and compete with each other to maximize their own
interests. In this article, the MEC server, as a leader, will price
its resources and sell them to EUs in need, while EUs will
adjust the amount of resources purchased based on the given
price. In addition, to our knowledge, there is a dearth of prior
research on the joint optimization of bandwidth and computing
resources based on Stackelberg game in MEC. Moreover,
previous research work often applied algorithms to formalized
problems, which resulted in high complexity when iteratively
executing multiple algorithms. The main contributions are
summarized as follows.

1) The interaction process between the MEC server and
EUs is modeled as a Stackelberg game, in which the
MEC server acts as a leader and maximizes its revenue
by setting the price of bandwidth resources, while EUs
act as followers and minimize their costs by deciding
how much bandwidth to purchase.

2) A quantitative relationship between optimal bandwidth
and offloading task size is established. The EUs’
multivariable offloading decision problem is transformed
into a single-variable optimization problem, and convex
optimization is used to determine the optimal bandwidth
for EUs.

3) Reverse induction is used to analyze the Stackelberg
game, demonstrating the existence of a distinct
Stackelberg equilibrium between the MEC server and
EUs. Subsequently, a dynamic programming-based
resource allocation (DPRA) algorithm is proposed for
achieving the optimal solution.

4) A substantial amount of experiments are carried out
to substantiate the efficacy of the proposed DPRA
algorithm. The results of the experiments show the
positive impact of the DPRA algorithm in reducing the
costs incurred by EUs and enhancing the revenue earned
by the MEC server, leading to a mutually beneficial
outcome for both parties.

The remaining organization of this article is as follows.
Section II presents the relevant literature in this field. In
Section III, the system model is introduced. After giving
the problem formulation in Section IV, the algorithm design
and analysis is proposed in Section V. Section VI includes
the parameter settings and performance evaluation. Finally,
Section VII provides a summary of the work in this article,

along with a discussion on future directions for further
exploration.

II. RELATED WORK

In this section, the optimization objective and offloading
schemes in the MEC architecture are discussed, followed by
resource allocation strategy based on economic theory.

A. Optimization Objective

The optimization objective is a critical element in MEC
architecture. To ensure the QoE of EUs, optimization objective
is typically quantified to express the EUs’ experience and
perception of the current network. Research often focuses
on optimizing two aspects: 1) latency and 2) energy con-
sumption. In [9], a combination of traditional optimization
methods and deep reinforcement learning was applied by
Zhu et al. to rapidly acquire the optimal offloading solu-
tion for tasks, aiming to minimize task computation latency.
Gu et al. [10] investigated a UAV-MEC system that incor-
porated energy harvesting capabilities. In order to achieve
an offloading solution that was both energy-efficient and
secure, it transformed the optimization objective into a uni-
variate convex problem. This algorithm helped alleviate the
energy constraint issues of UAVs. The optimization objective
of [11], [12], and [13] was minimizing latency and energy
consumption. Tong et al. [11] put forth an optimization
algorithm leveraging Lyapunov optimization technique, which
aimed to minimize the overall energy consumption while
ensuring long-term system stability within a specified time
frame. Zhang et al. [12] utilized a deep neural network to
acquire the optimal correlation between offloading ratios and
wireless channels, while employing convex optimization to
derive the solution for the subproblem of resource allocation.
The proposed algorithm exhibited superiority in minimizing
overall system energy consumption and achieving low process-
ing latency. Chen et al. [13] proposed cloud–edge collaborative
mobile computing offloading mechanism that integrated deep
reinforcement learning. This mechanism considered both com-
putational resources and offloading decisions. It featured fast
convergence, strong stability, and the ability to achieve optimal
offloading decisions with the lowest overall cost. In [14],
a reputation and voting-based consensus mechanism was
proposed by Liao et al. in MEC blockchain systems, which
showed excellent performance concerning time consumption
and consensus security.

The aforementioned research mainly focused on the techni-
cal aspect of resource allocation with the objective of striking a
balance between latency and energy consumption. However, an
economic perspective has not been considered. They assumed
that the MEC server would selflessly provide services to
EUs, without optimizing for both the MEC server and EUs
simultaneously.

B. Offloading Schemes

In current research on MEC architecture, there are mainly
two offloading schemes for computation tasks at the user end,
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namely, binary offloading and partial offloading. Specifically,
binary offloading refers to the task being treated as a whole,
where it is either completely offloaded to the MEC server
or executed entirely on the local device. Saleem et al. [15]
was based on MEC enabled device-to-device collaboration,
jointly addressing task allocation and power allocation, utiliz-
ing proximity-aware binary task offloading to accelerate task
execution. Alghamdi et al. [16] introduced a binary computing
offloading decision and then solved the offloading sequence
decision problem using the principle of optimal stopping
theory. Lin et al. [17] introduced a PDDQNLP algorithm
to optimize energy efficiency and task offloading fairness
in UAV-assisted MEC, demonstrating superior performance
in single-UAV scenarios. Wu et al. [18] presented a binary
offloading framework leveraging Lyapunov optimization and
actor–critic networks to minimize energy consumption, and
protect user privacy. In contrast to binary offloading, partial
offloading can split the computation task into two parts, which
can be executed on the local decides and the MEC server,
respectively. Wu et al. [19] proposed a delay-aware energy-
efficient task offloading algorithm that utilized virtual queues
and perturbed Lyapunov optimization to minimize energy
consumption and maintain low latency. Abouaomar et al. [20]
proposed a resource representation scheme that utilized the
Lyapunov optimization framework for dynamically allocating
resources to edge devices. The proposed method offered low
latency and optimal resource utilization services, outperform-
ing other benchmark methods. Qu et al. [21] proposed a
DMRO algorithm for efficient task offloading in heterogeneous
IoT–edge–cloud computing environments. It combined deep
reinforcement learning, meta-learning, and distributed comput-
ing to achieve optimal offloading decision making.

Our study belongs to the category of partial offloading. In
addition, compared to the aforementioned research, our tasks
can be executed concurrently on both local devices and the
MEC server. This approach effectively reduces EUs time costs
and improves execution efficiency.

C. Economic Pricing Strategy

Resource pricing contributes to achieving optimal resource
allocation, thereby enhancing economic efficiency. Auction
theory and Game theory are commonly regarded as the
primary and most frequently employed methods in the field
of resource pricing. Le et al. [22] proposed an auction-
based framework for bandwidth trading in colocation MEC
systems, which considers the tradeoff between delay and
energy consumption. Luong et al. [23] introduced an optimal
auction design utilizing deep learning techniques, and the
proposed approach could offer a valuable tool for optimizing
resource allocation in fog networks at large. In [24], a real
combinatorial auction mechanism was employed by Su et al.
to incentivize devices and edge clouds to participate in
offloading service transactions. Unlike auction theory, game
theory can investigate resource allocation problems involving
multiple participants, including cooperative games, competi-
tive games, and situations where cooperation and competition
coexist. Furthermore, game theory has advantages in terms of

interactions and dynamic changes, enabling better solutions
to resource allocation issues. On the basis of noncooperative
game theory, Li et al. [25] introduced a fine-grained computing
offloading algorithm to analyze the interaction between the
local and edge sides. Hossain et al. [26] combined vehicular
edge computing with noncooperative game theory, allowing
each vehicle to design its own offloading strategy to compete
for resources and maximize utility. The noncooperative game
mentioned above required the assumption that all participants
disclose their strategies simultaneously, which is not always
valid in practice. In contrast, the Stackelberg game enables
participants to disclose their strategies in a predetermined
order. Zhou et al. [27] adopted a Stackelberg game model
to depict the relationship between cloud server (CS) and
ES, enabling CS to allocate computing tasks to ES with
available computing resources, thus reducing its own work-
load and costs. Liu and Fu [28] analyzed the interaction
between users and MEC server based on the Stackelberg
game, aiming to address the issue of equal distribution of
edge cloud computing resources. However, this study did not
consider the energy consumption of user devices. Applying the
Stackelberg game to the three-tier architecture of cloud–edge–
terminal, Chang and Wei [29] achieved energy sustainability
and profit maximization. However, the tasks on the user side
and the cloud–edge side cannot be executed simultaneously
in this research. In [30], the interaction between the MEC
server and users was modeled as a Stackelberg game by
Tong et al. and the optimal solution was obtained using a
PSO-based algorithm. However, this study only considered the
optimization of a single resource and used equal distribution
for communication resources.

Table I presents a comparison of related works.

III. SYSTEM MODEL

A brief overview of the MEC model’s scenario is provided
at the beginning of this section. Furthermore, the local com-
puting model and the process of offloading tasks for execution
on the MEC server are discussed.

A. MEC Model

In this part, we consider a MEC model consisting of
multiple EUs and an MEC server, as depicted in Fig. 1. The
EUs are denoted as N = {1, 2, . . . , N}. During an offloading
period, EUs transmit their tasks to the MEC server through
wireless communication links. The MEC server located in
the region receives tasks and provides the computed results
back to the EUs after task execution. The tasks from EUs are
randomly generated. To enhance computing efficiency, partial
offloading is applied, allowing the EUs to divide their tasks
into two portions. One portion is processed locally, while the
other portions is simultaneously offloaded to the MEC server
for processing.

The communication part of this model utilizes frequency-
division multiple access (FDMA) technology. Multiple EUs
concurrently offload tasks to the MEC server by utilizing
dedicated sub-bands for task transmission. Furthermore, the
quasi-static channel model is adopted to approximate the
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TABLE I
OVERVIEW OF RECENT RESEARCHES

Fig. 1. Architecture of the multiuser MEC system.

channel properties during an offloading period. The symbols
used in this article are listed and explained in Table II.

B. Local Computing Model

To reflect the heterogeneity of the system, the amount of the
input data, the computing complexity of the input data, and
the local computing power of the user devices are all different.
For EU i, the total data size is denoted by Ri, the CPU cycles
to compute one bit of input data is denoted by Ci, and the
user device CPU frequency is denoted by f loc

i . Since the task
of EU i can be split, Di denotes the size of data that needs
to be offloaded to the MEC server. Therefore, the size of the

TABLE II
NOTATIONS AND EXPLANATION

task processed locally by EU i is (Ri − Di). The local latency
for EU i can be represented as

T loc
i = Ci(Ri − Di)

f loc
i

. (1)

The local energy consumption for EU i can be expressed as

Eloc
i = εi

(
f loc
i

)2
(Ri − Di)Ci (2)
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where εi is the power consumption coefficient determined by
the chip structure, and εi(f loc

i )2 is the energy consumption the
CPU running for a cycle.

C. Task Offloading and MEC Server Execution Model

The process of edge computing involves three steps:
1) uplink transmission; 2) tasks execution on the MEC server;
and 3) downlink transmission. Nevertheless, due to the small
data size in the downlink transmission, we opted to overlook
latency and energy consumption at this stage to streamline the
model [27], [31], [32].

1) Uplink Transmission: EUs offload their tasks to the
MEC server through wireless channels. According to the
Shannon formula, given the transmission power pi of EU i
and the channel gain hi between EU i and MEC server, the
transmission rate of EU i is

ri = Bi log2

(
1 + pihi

σ 2

)
(3)

where Bi is the bandwidth allocated to the EU i, and σ 2 is the
power spectral density of the noise.

Therefore, the uplink transmission latency for EU i can be
expressed as

T trans
i = Di

ri
. (4)

The energy consumption of uplink transmission for EU i
can be expressed as

Etrans
i = pi

Di

ri
. (5)

2) MEC Server Execution: The computing speed assigned
to the EU i by the MEC server is represented by f edge

i . To
facilitate analysis, this article assumes that the total computing
speed is equally distributed, i.e., f edge

i = f edge/N, where
f edge denotes the total computing speed of the MEC server,
namely, the total number of CPU frequency. Although this
allocation strategy is simple, it is sufficient for the majority of
MEC scenarios [30], [38], [39]. Therefore, the time generated
during MEC server execution can be expressed as

Texe
i = CiDi

f edge
i

. (6)

Similar to existing studies, such as [33] and [34], this article
focuses more on reducing energy consumption in battery-
limited terminal devices. In this stage, the tasks are processed
on the MEC server without consuming energy from user
devices. Due to the implementation of wired access technology
in the MEC server, energy scarcity is not a concern. Therefore,
the energy loss during this stage is disregarded.

IV. PROBLEM FORMULATION

In this section, the interaction process between EUs and the
MEC server is first established as a Stackelberg game. Then,
utility functions and optimization objectives of both the MEC
server and EUs are derived.

Fig. 2. Stackelberg game procedure.

A. Stackelberg Game in MEC System

In this article, we aim to optimize the utilities of both
the MEC server, and the EUs. To ensure QoE for EUs, the
model takes into consideration the optimization of both latency
and energy consumption in the system. The EUs are given
the ability to determine the size of tasks to be offloaded
to the MEC server, as well as the associated bandwidth.
Consequently, task assignment and bandwidth allocations are
employed at the user’s end to minimize the overall costs.
Specifically, these costs include latency, energy consumption,
and resource payment. On the MEC server side, the objective
is to maximize revenue by pricing and selling resources to
EUs. Furthermore, the pricing decision of the MEC server can
be observed by EUs and used as an input for their bandwidth
purchasing decision. The decision of EUs is constrained by
the decision of the MEC server. This participant situation
exhibits asymmetry, where one party takes a leading action and
assumes that the other party will make a rational choice based
on its own decision, which is consistent with the Stackelberg
game. Therefore, the interaction process between the MEC
server and EUs is taken as a single-leader–multi-follower
Stackelberg game [35], [36]. EUs act as followers, while the
MEC server assumes the role of the leader. The Stackelberg
game procedure in this MEC system is depicted in Fig. 2.

B. Utility Function and Optimization Problem of MEC
Server

Due to the maintenance and deployment costs of the MEC
server, it gains revenue by selling its bandwidth resources to
EUs. The utility of the MEC server can be described as

Uedge =
N∑

i=1

uiBi (7)

where the unit bandwidth price for EU i is defined as ui,
and the bandwidth resources purchased by EU i are defined
as Bi. The MEC server aims to maximize its revenue by
selling bandwidth resources at a reasonable price. Given
the practical constraints and the objective of maximizing
utility, the optimization problem of the MEC server can be
described as

P1: arg max Uedge(ui)
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Fig. 3. Latency structure.

s.t.
N∑

i=1

Bi ≤ Bedge (8)

where the constraint denotes that the total amount of band-
width purchased by EUs cannot exceed the total system
bandwidth.

C. Utility Function and Optimization Problem of EUs

For EUs, their costs consist of three parts: 1) latency;
2) energy consumption; and 3) payment to the MEC
server [21], [30], [39]. Since both local computing and MEC
server computing can be carried out concurrently in different
terminals, the latency structure in this article is illustrated in
Fig. 3.

The latency overhead for EU i can be described as

Ti = max
{

T loc
i , T trans

i + Texe
i

}
. (9)

Therefore, the overall cost incurred by EU i can be
expressed as

Uuser
i = wt

iTi + we
i

(
Eloc

i + Etrans
i

)
+ wp

i uiBi (10)

where 0 ≤ wt
i, we

i wp
i ≤ 1, respectively, denote the

weighting factors of latency, energy consumption, and pay-
ment [39], [40]. It should be noted that overall cost is defined
as a linear combination of these three indicators because
they can concurrently reflect the cost of task offloading.
That is, longer latency, higher energy consumption, and
higher resource procurement costs lead to increased EUs
costs. Parameters can be selected based on EUs preferences.
For example, when an EU has a low battery level, energy
consumption becomes more crucial. To enhance its importance
in overall optimization, we can dynamically adjust the energy
consumption parameter.

Equation (10) can be equivalently expressed in a more
specific form as

Uuser
i =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

we
i

(
εi

(
f loc
i

)2
(Ri − Di)Ci + pi

Di
ri

)
+

wt
i

(
(Ri−Di)Ci

f loc
i

)
+ wp

i uiBi , 0 ≤ Di ≤ xi

we
i

(
εi

(
f loc
i

)2
(Ri − Di)Ci + pi

Di
ri

)
+

wt
i

(
Di
ri

+ DiCi

f edge
i

)
+ wp

i uiBi , xi < Di ≤ Ri

(11)

where xi is equal to

xi = Ri

f loc
i

riCi
+ f loc

i

f edge
i

+ 1
. (12)

Based on the pricing strategy provided by the MEC server,
EUs tend to minimize their overall costs through their own
bandwidth purchasing and task offloading strategies. It is
required to ensure that the total purchased bandwidth by EUs
does not exceed the system’s bandwidth capacity. Meanwhile,
there is another practical constraint. Within one offloading
period, the MEC server has an upper limit on the available
CPU cycles for computing tasks, and the total amount of data
offloaded from all EUs to the MEC server must not exceed
this threshold [30]. It is worth noting that Fedge and f edge

represent the computing capacity and computing speed of the
MEC server’s CPU, respectively. Based on the optimal price
of MEC server u∗

i [41], the optimization problem of EU i can
be formulated as

P2: arg min Uuser
i

(
Bi, Di, u∗

i

)

s.t.
N∑

i=1

Bi ≤ Bedge

N∑
i=1

CiDi ≤ Fedge. (13)

It is evident that the optimization problems of P1 and P2
are coupled in a complex manner. The pricing strategy of the
MEC server will have an impact on the amount of resources
purchased by EUs, while the bandwidth purchased by EUs
will, in turn, affect the MEC server’s pricing strategy.

V. ALGORITHM DESIGN AND ANALYSIS

In this section, the optimization problem is first simplified
to a univariate convex optimization problem. Second, the exis-
tence of Nash equilibrium among EUs is proven. Subsequently,
the optimization problem of the MEC server is solved. Finally,
resource allocation is performed using the DPRA algorithm.

A. Problem Simplification

Reverse induction is a commonly used problem-solving
method in game theory. It can effectively solve problems
involving interdependent decision making between EUs and
the MEC server. The method adopts a two-stage game solu-
tion. In the first stage, problem P2 is solved, where EUs obtain
their optimal bandwidth purchase strategy B∗ and offloading
strategy D∗ by solving an optimization problem with given
price strategy u. In the second stage, problem P1 is solved,
where the MEC server obtains the optimal pricing strategy
u∗ by solving another optimization problem based on EUs’
optimal bandwidth strategy B∗ and offloading strategy D∗.

After the MEC server presents the bandwidth price for each
EU, the optimization problem P2 of EUs only involves the
purchased bandwidth and offloading task size. The compre-
hensive expenses of EU i can be simplified as

Uuser
i =

{
ki1Di + bi1, 0 ≤ Di ≤ xi

ki2Di + bi2, xi < Di ≤ Ri
(14)

where ki1, ki2, bi1, and bi2 are expressed as

ki1 = we
i pi/ri − wt

iCi/f loc
i − we

i εi

(
f loc
i

)2
Ci

Authorized licensed use limited to: China University of Petroleum. Downloaded on June 29,2024 at 02:04:44 UTC from IEEE Xplore.  Restrictions apply. 



TONG et al.: STACKELBERG GAME-BASED BANDWIDTH ALLOCATION AND RESOURCE PRICING 23743

Fig. 4. Uuser
i with respect to slope. (a) ki1 ≤ 0 ≤ ki2, (b) 0 < ki1 < ki2,

(c) ki1 < ki2 < 0, and (d) Relationship between bandwidth and offloading
size.

ki2 = we
i pi/ri + wt

iCi/f edge
i + wt

i/ri − we
i εi

(
f loc
i

)2
Ci

bi1 = we
i εi

(
f loc
i

)2
RiCi + wp

i uiBi + wt
iCiRi/f loc

i

bi2 = we
i εi

(
f loc
i

)2
RiCi + wp

i uiBi. (15)

It is evident that ki1, ki2, bi1, and bi2 satisfy ki1 < ki2 and
0 < bi2 < bi1. According to the relationship between the slope
and 0, the relationship between bandwidth and offloading data
size is discussed under different circumstances, as shown in
Fig. 4.

As shown in Fig. 4(a), when ki1 ≤ 0 ≤ ki2, the bandwidth
of EU i satisfies qi1 ≤ Bi ≤ qi2, where

qi1 = we
i pi(

wt
iCi

f loc
i

+ we
i εi

(
f loc
i

)2
Ci

)
log2

(
1 + pihi

σ 2

) (16)

qi2 = wt
i + we

i pi(
we

i εi
(
f loc
i

)2
Ci − wt

iCi

f edge
i

)
log2

(
1 + pihi

σ 2

) . (17)

qi1 and qi2 denote the lower and upper bounds of bandwidth,
respectively.

As shown in Fig. 4(a), EU i achieves the minimum overall
cost at task offloading size xi when ki1 ≤ 0 ≤ ki2. At this
point, the task is not only executed locally but also partially
offloaded to the MEC server.

In Fig. 4(b), when 0 < ki1 < ki2, the overall cost of EU i
achieves its minimum at offloading size 0, indicating that task
is executed only locally.

In Fig. 4(c), when ki1 < ki2 < 0, the overall cost of EU i
achieves its minimum at task offloading size Ri, indicating the
whole task is computed on the MEC server.

To sum up, the optimal offloading strategy D∗
i for EU i

can be illustrated in Fig. 4(d). However, when EUs purchase
more bandwidth resources and conduct complete offloading,

it may lead to a few EUs monopolizing server computing
resources. In order to achieve resource balance and fairness,
when the situation shown in Fig. 4(c) occurs, the MEC server
incentivizes EUs to choose the amount of task offloading
xi. Additionally, this method can effectively utilize local
computing resources, reduce server load, and facilitate the
rational use of resources.

Through the above analysis, when EU i is about to perform
edge computing, the task offloading size is denoted as xi. In
this case, the overall cost of the two scenarios in (11) is equal.
Therefore, the utility function of EU i can be transformed as

Uuser
i (Bi) =

(
we

i pi

ri
− we

i εi

(
f loc
i

)2
Ci − wt

iCi

f loc
i

)
xi

+we
i εi

(
f loc
i

)2
Ci + wp

i uiBi + wt
iRiCi

f loc
i

. (18)

B. Optimization of EUs

Definition 1: There exists Nash equilibrium among EUs
with B∗ = {B∗

1, B∗
2, . . . , B∗

N}. At this point, there is a utility
function Uuser

i (B∗
i , B∗−i) > Uuser

i (Bi, B∗−i), where B∗−i is the
best strategy for other EUs excluding EU i.

Nash equilibrium possesses a desirable property of self-
stability in academia, enabling users in an equilibrium state
to attain mutually satisfactory solutions without any incentive
to deviate. This characteristic is crucial for price optimization
problems since individuals, as distinct entities, may act based
on their own interests.

Theorem 1: In the game, with the MEC server serving as
the leader and the EUs functioning as followers, the optimal
strategy for the bandwidth of EU i can be represented as

B∗
i =

√
αiRi log2

(
1 + pihi

σ 2

)
/wp

i ui − f loc
i /Ci

βi
(19)

where

αi = we
i pi

(
1 + f loc

i /f edge
i

)
+ we

i εi

(
f loc
i

)3 + wt
i (20)

βi =
(

1 + f loc
i /f edge

i

)
log2

(
1 + pihi

σ 2

)
. (21)

Proof: For EU i, the first-order derivative of the utility
function Uuser

i is equal to

∂Uuser
i

∂Bi
=

−αiRi log2

(
1 + pihi

σ 2

)

(
f loc
i /Ci + βiBi

)2
+ wp

i ui. (22)

The second-order derivative of Uuser
i is equal to

∂2Uuser
i

∂2Bi
=

2αiλiRi log2

(
1 + pihi

σ 2

)

(
f loc
i /Ci + βiBi

)3
. (23)

As both the numerator and denominator are positive, the
second derivative of the utility function is positive. Therefore,
the utility function of EU i is strictly convex, indicating the
existence of a Nash equilibrium among EUs. According to (22)
and (23), the uniqueness of strategy B = {B∗

1,B∗
2, . . . , B∗

n} can
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be proven. When ∂Uuser
i /∂Bi = 0, we obtain the optimal

bandwidth for EUs from (22).
Lemma 1: For a given pricing strategy from the MEC

server, each EU has a unique optimal bandwidth strategy.
Proof: The first and second partial derivatives of the

optimal bandwidth B∗
i with respect to ui can be obtained as

follows:

∂B∗
i

∂ui
=

−
√

αRi log2

(
1 + pihi

σ 2

)

2βi

√
wp

i u
3
2

(24)

∂2B∗
i

∂2ui
=

−3

√
αiRi log2

(
1 + pihi

σ 2

)

4βi

√
wp

i u
5
2

. (25)

The negative values of the first and second partial derivatives
indicate that as the MEC server sets a lower price, EUs
tend to purchase more bandwidth. Furthermore, the optimal
bandwidth B∗

i is a monotonically decreasing upper convex
function of the pricing ui, resulting in a unique and optimal
strategy B∗

i .

C. Optimization of the MEC Server

Definition 2: If Uedge(u∗
i , B∗

i ) > Uedge(ui, B∗
i ), then a

unique Stackelberg equilibrium exists between EUs and the
MEC server.

Theorem 2: In the game, the MEC server, as the leader,
has an optimal pricing strategy for each EU, which can be
represented as

u∗
i =

αiRiC2
i log2

(
1 + pihi

σ 2

)

4wp
i

(
f loc
i

)2
. (26)

Proof: By substituting the optimal bandwidth strategy B∗
i

and the corresponding data size xi into the utility function
Uedge, we can obtain Uedge(ui, B∗

i ). The MEC server adjusts
pricing strategy to control the bandwidth purchased by EUs.
For the MEC server, the first-order derivative of the utility
function Uedge(ui, B∗

i ) to ui is

∂Uedge

∂ui
=

√
αiRi log2

(
1 + pihi

σ 2

)
/4wp

i ui − f loc
i /Ci

βi
. (27)

The second-order derivative of the utility function Uedge to
ui is

∂2Uedge

∂2ui
= −

√
αiRi log2

(
1 + pihi

σ 2

)

4βi

√
wp

i u
3
2

. (28)

According to the convex optimization theorem, the second
derivative of the utility function for the MEC server is
negative, indicating strict concavity of Uedge. Consequently, it
can be concluded that P1 is a convex optimization problem,
and the optimal pricing strategy u∗

i is unique at the same time.
Therefore, Theorem 2 is validated.

D. DPRA Algorithm

Based on the aforementioned analysis, we have determined
the optimal bandwidth pricing for EUs by the server in P1.
Additionally, in P2, the bandwidth purchase strategy for each
EU is B∗

i and the offloading size is xi. It is important to note
that, due to limited resources of the MEC server, the sum of the
optimal resource allocation for all EUs may exceed the system
limit. Therefore, we need to determine which EUs to allocate
resources to. An indicator function θi ∈ {0, 1} is needed to
determine which EUs can offload their tasks. This leads to the
formulation of optimization problem P3, where we transform
the objectives of solving resource allocation and pricing into
the decision of which EUs should receive resource allocation

P3: max
θi∈{0,1} Uedge =

N∑
i=1

θiu
∗
i B∗

i

s.t.
N∑

i=1

θiB
∗
i ≤ Bedge. (29)

The knapsack problem is NP-hard when expressed as
decision problems. Its possible solutions can be efficiently
verified in polynomial time, and it can be reduced to other
NP-complete problems using polynomially transformations.
For the optimization problem P3, the MEC server utility is
further increased when the EUs offload their tasks. Based
on this, the 0-1 knapsack problem can be translated into a
special case of maximizing MEC’s utility. Specifically, the set
of items to be placed in the knapsack in the 0-1 knapsack
problem is regarded as the EUs that offload their tasks on
the MEC in the problem. The weight of each item w[i] is
assigned as the bandwidth resources allocated to EU i in the
problem. Due to the limited communication capacity, the total
bandwidth of the system has an upper limit, which can be
regarded as the maximum capacity of the knapsack in the 0-1
knapsack problem. Therefore, the 0-1 knapsack problem can
be simplified as a special case of P3. So, if there exists an
algorithm to solve P3, it can also be used to solve the 0-1
knapsack problem, which means P3 is an NP-hard problem.

As for the value of the items v[i], there are two possibilities:
when the optimal bandwidth B∗

i is less than the lower bounds
of bandwidth qi1, the cost of local computing by EU i will
be smaller than partial offloading. Therefore, the value v[i]
obtained by offloading task for EU i is updated as 0 at this
time, and subsequent this EU will not be able to offload task.
Otherwise, the value of the item v[i] will be the revenue u∗

i B∗
i

obtained from MEC server performing the task of EU i. The
complete pseudocode process is presented in Algorithm 1.

The optimal value solution (OVS) algorithm consists of a
loop (lines 5–12) that is used to determine the value of items
for offloading. Consequently, the time complexity of the OVS
algorithm is O(N).

Since the knapsack problem is NP problem, finding the
optimal solution efficiently is not feasible [37]. To tackle this
problem, a method based on dynamic programming is adopted
to obtain the optimal solution of this problem.

ϕ[i][k] represents the maximum revenue that can be
obtained by the MEC server selling k units of bandwidth to the
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Algorithm 1 OVS

Input: Bedge, Ci, Fedge, Ri, f loc
i , f edge, hi, pi, σ 2

Output: B∗
i , xi, u∗

i , V = {v1, v2, ..., vN}
1: Initialize wt

i, we
i , wp

i ;
2: The MEC server decides the optimal unit price u∗

i of the
bandwidth for each EU according to Eq. (26);

3: Each EU decides the optimal bandwidth strategies B∗
i

according to Eq. (19);
4: Each EU decides the offloading strategies xi according to

Eq. (12);
5: for i = 1 to N do
6: EU i computes the lower bounds of bandwidth qi1;
7: if B∗

i < qi1 then
8: v[i] = 0;
9: else

10: v[i] = u∗
i B∗

i ;
11: end if
12: end for
13: return V

Algorithm 2 DPRA

Input: B∗
i , xi, Bedge, Fedge, V = {v1, v2, ..., vN}

Output: θi

1: for i = 0 to N do
2: for k = 0 to Bedge do
3: ϕ[i][k] = ϕ[i − 1][k];
4: if k < Bedge then
5: ϕ[i][k] = ϕ[i − 1][k];
6: else if ϕ[i − 1][k − B∗

i ] + v[i] > ϕ[i − 1][k] and∑i
s=1 θiCsxs + Cixi ≤ Fedge then

7: ϕ[i][k] = ϕ[i − 1][k − B∗
i ] + v[i];

8: else
9: ϕ[i][k] = ϕ[i − 1][k];

10: end if
11: end for
12: end for
13: for i = N to 1 do
14: if ϕ[i][k] = ϕ[i − 1][k] then
15: θi = 0;
16: else
17: θi = 1;
18: end if
19: end for

first i EUs. As shown in Algorithm 2, there are three possible
values for ϕ[i][k].

1) If the MEC server’s bandwidth and computing resources
are insufficient to complete the offloaded task of EU i,
the MEC server will not process the task of EU i. At
this time, the revenue of the MEC server is the same
as the value of the offloading strategy of the previous
(i − 1) EUs, which means ϕ[i][k] = ϕ[i − 1][k].

2) If the bandwidth and computing resources of the MEC
server can satisfy the requirements of EU i’s task, it
is still necessary to determine whether to offload the
task. This is because allowing task offloading does not

necessarily maximize the revenue of the MEC server.
The maximum benefit that the server can achieve when
the ith EU does not offload the task is ϕ[i − 1][k], and
the maximum revenue of the MEC server when the ith
EU offload the task is ϕ[i−1][k−B∗

i ]+v[i]. ϕ[i][k] will
be equal to the larger of the two values.

3) If the maximum benefit of the MEC server offloading
task for EU i is equal to the maximum benefit without
offloading the task, then it indicates that the value of
offloading the task for EU i is v[i] = 0. The MEC
server will not process the tasks for EU i, which means
ϕ[i][k] = ϕ[i − 1][k].

For the DPRA algorithm, it contains a two levels of loops
(lines 1–12). The first-level loop iterates N times, while the
second-level loop iterates Bedge times. Consequently, the time
complexity of this part is O(N × Bedge). After these steps,
backtracking is used to determine which EUs perform task
offloading (lines 12–19). Since it is necessary to traverse
the state space, the time complexity of this part is O(N).
In summary, the time complexity of the DPRA algorithm is
O(N × Bedge).

VI. NUMERICAL RESULTS

In this section, simulation experiments are conducted to
assess the efficacy of the proposed DPRA algorithm. First,
experimental validation is conducted on the previously math-
ematically proven Stackelberg game equilibrium. Second, the
influence of some parameters on the utilities of EUs and the
MEC server is evaluated. Finally, we compare the proposed
algorithm with other strategies.

A. Simulation Setting

The proposed algorithm is simulated using Python program-
ming language. The parameter values used in the experiments
are primarily derived from [28]. It is assumed that there are
30 EUs in the experiment, each with its own local computing
capability and generating different computing tasks. The power
spectral density of the noise is −174 dBm/Hz. The channel
gain from MEC server to EUs is uniformly distributed by the
set [−50, −30] dBm. This article considers three weighting
factors, namely, weighting factors for latency, energy con-
sumption, and payment to the MEC server. These factors can
be adjusted according to the actual requirements of the device.
In the energy-saving scenario, we

i > wt
i, whereas in the latency-

sensitive scenario, we
i < wt

i. In this article, we assume that all
three weighting factors are equal to 1/3 . In addition, Table III
summarizes other key parameters in the experiments.

B. Stackelberg Equilibrium

In Stackelberg equilibrium, the MEC server assumes that
it already knows what strategies the followers will adopt to
maximize their own interests and thus formulate the pricing
strategy. Then after learning of the strategy of the MEC
server, the EUs will choose their own optimal strategies.
After carefully considering their own interests in light of
the opponent’s response, both the MEC server and the EUs
can devise the optimal strategy to achieve their respective
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Fig. 5. Stackelberg equilibrium. (a) Optimal bandwidth of EU i. (b) Optimal price of the server.

Fig. 6. Influence of parameters. (a) Influence of data size. (b) Influence of bandwidth.

TABLE III
SIMULATION PARAMETERS SETTING

objectives. The optimal bandwidth for EU i is B∗
i , and the

optimal pricing for the MEC server to EU i is u∗
i , shown in

Fig. 5.
Fig. 5(a) is the utility of EU i with a fixed MEC server

price ui = u∗
i . The bandwidth of EU i is represented on the

horizontal axis, and the minimum overall cost is achieved
when the bandwidth is Bi = B∗

i . Similarly, Fig. 5(b) is the
revenue obtained by the MEC server from EU i with fixed
optimal bandwidth Bi = B∗

i . When the revenue of the MEC
server is maximized, the optimal pricing ui = u∗

i . The above
indicates that both EUs and the MEC server cannot change
their strategies to optimize their utilities in the Stackelberg
equilibrium.

C. Impact of Parameters

As shown in Fig. 6, the model parameters have a certain
impact on the experiment.

Fig. 6(a) illustrates the impact of task size on the MEC rev-
enue and the offloading ratio of EUs. As depicted in the figure,
the MEC server’s revenue rises as the task size increases and

then tends to converge. This is attributed to the fact that the
larger the task size, the more bandwidth resources are needed
by EUs, and the server sells more resources. However, as
the bandwidth and computing resources of the MEC server
reach the capacity limits, the sale of resources becomes
restricted, causing the revenue to converge. Furthermore, as
the task size of each EU expands, the limited resources
of the MEC server result in a reduction in the number of
EUs capable of obtaining offloading resources. Consequently,
the proportion of tasks that can be offloaded diminishes
gradually.

Fig. 6(b) shows the impact of total bandwidth capacity on
the MEC server revenue and the average cost of EUs. As the
total bandwidth increases, the number of EUs that can access
the bandwidth resources also increases, and the MEC server
sells more resources accordingly. This results in an increase in
MEC server revenue and a decrease in average cost for EUs.
However, as the bandwidth capacity of the MEC server reaches
a sufficiently large level, both the revenue and the average
cost for EUs tend to stabilize. On the one hand, this is due to
upper limit on the number of EUs, the bandwidth resources
are already abundant. On the other hand, although bandwidth
resources are increasing, the total computing capacity remains
unchanged. With an increasing number of EUs, the allocation
of computing resources to EUs becomes constrained, resulting
in higher average cost when there are 30 EUs compared to
10 EUs. Based on Fig. 6, both the MEC server and EUs
will benefit from the trade. When EUs offload more tasks to
the MEC server, EUs’ average cost decreases, and the MEC
server’s profits increase. That is to say the proposed DPRA
algorithm promotes collaboration between the MEC server and
EUs with a mutually beneficial outcome, demonstrating the
efficacy of the algorithm.
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Fig. 7. Comparison with numbers of EUs. (a) Revenue of MEC server. (b) Average cost for EUs.

Fig. 8. Comparison with channel bandwidth. (a) Revenue of MEC server. (b) Average cost for EUs.

D. Performance Comparison

Due to differences in experimental settings, utility functions,
etc. compared to other papers, it is difficult to directly compare
the proposed DPRA algorithm with the latest algorithms. In
order to assess the effectiveness of the our algorithm, we
conducted experiments to compare the DPRA algorithm with
the following bandwidth strategies across three dimensions: 1)
the number of EUs; 2) total bandwidth capacity; and 3) total
computing capacity. This comparative experiment aims to
evaluate the utility of the MEC server and the average cost
for EUs.

1) Random Bandwidth With Optimal Size (RBOS): In the
RBOS strategy, each EU selects the optimal offloading
data size, but the bandwidth is randomly generated
within a given range.

2) Uniform Bandwidth (UB): In the UB strategy, simi-
lar to [30], the bandwidth for each EU is uniformly
allocated and set to the middle value of the set P =
{(p11, p12), . . . , (pn1, pn2)} to maintain stable profit.

3) Local Offloading Computing (LOC): In the LOC strat-
egy, the whole task of EU i is executed locally without
task offloading.

The experiments for different numbers of EUs are shown
in Fig. 7. First, several strategies exhibit similar trends. As
depicted in Fig. 7(a), the sold bandwidth resources exhibit an
upward trend as the number of EUs in the system rises, leading
to a corresponding growth in the revenue of the MEC server.
However, due to the overall resource constraints of the server,
the final revenue tends to stabilize. As shown in Fig. 7(b),
the average cost for EUs increases with an expanding number
of EUs. This is because as the number of EUs grows, the
competition for bandwidth and computing resources becomes

more intense, leading to a decrease in the proportion of EUs
capable of performing task offloading. This, in turn, results in
increased latency and energy consumption costs.

The revenue of the MEC server and the average cost of
EUs under different strategies with varying total bandwidth
resources is shown in Fig. 8. Compared to other strategies,
the DPRA strategy significantly improves the profitability of
the MEC server, as experimental results demonstrate that
its revenue is twice that of the RBOS and UB algorithms.
Additionally, the DPRA strategy maintains the optimal average
cost for EUs, affirming the rationality of DPRA’s bandwidth
allocation. In contrast, the RBOS and UB algorithms fail to
adequately consider the individual demands of each EU and
perform differentiated allocation to maximize server revenue,
thus falling short of the effectiveness achieved by the DPRA
algorithm.

Fig. 9 displays the changes in MEC server revenue and
average cost for EUs under different computing capabili-
ties. Similar to Fig. 8, DPRA outperforms other strategies
in terms of MEC server profitability and average cost for
EUs. The proposed DPRA algorithm demonstrates optimal
performance in all the experiments conducted. In the RBOS
strategy, the allocation of computing resources is based on
the optimal relationship between task offloading size and
purchased bandwidth. However, due to the unreasonable allo-
cation of bandwidth resources, it also leads to inappropriate
allocation of computing resources, resulting in high overall
costs for users. In the UB strategy, although the task offloading
size is consistent with our proposed algorithm, unnecessary
delays and energy consumption costs are incurred during
transmission due to the inability of bandwidth to meet the
specific requirements of each EU. This also highlights the
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Fig. 9. Comparison with computing capacity. (a) Revenue of MEC server. (b) Average cost for EUs.

Fig. 10. Comparison with numbers of EUs. (a) Revenue of MEC server. (b) Average cost for EUs.

Fig. 11. Comparison with channel bandwidth. (a) Revenue of MEC server. (b) Average cost for EUs.

importance of reasonable allocation of bandwidth resources.
Both of these strategies result in low resource utilization,
impacting system performance and efficiency, due to inap-
propriate bandwidth allocation strategies. Finally, as a classic
benchmark test, the LOC strategy performs the worst in all the
experiments mentioned above. Therefore, this demonstrates
that task offloading in the MEC architecture can effectively
improve the QoE for EUs.

To conduct a more comprehensive evaluation of the
proposed DPRA algorithm, it is compared with various pricing
and offloading strategies.

1) Uniform Pricing (UP): In the UP strategy, the MEC
server uniformly price the bandwidth resources sold to
EUs based on the principle of fairness.

2) Optimal Bandwidth Offloading (OBO): In the OBO
strategy, EUs purchase an optimal amount of bandwidth,
but the amount of offloading data size is random.

As the number of EUs increases, the variations of MEC server
revenue and average costs for EUs under different strategies
are depicted in Fig. 10. First, the growth trends resemble those

observed in Fig. 7. Additionally, in Fig. 10(b), the rate of cost
reduction for EUs is slower compared to the MEC server’s
profit in Fig. 10(a). This is attributed to the noncooperative
competition among EUs within the system. With an increase in
the number of participating EUs in task offloading, the MEC
server can offload more tasks to boost its profitability. Second,
among all the strategies, DPRA exhibits the best performance.
This is because the UP strategy does not adjust bandwidth
pricing differently based on EUs’ varying levels of price
acceptance. Consequently, some EUs may incur excessive
costs or fail to obtain the desired QoE, thus not fully leveraging
the advantages of the MEC server. In the OBO strategy,
EUs are unable to fully utilize the MEC server’s computing
resources to minimize latency and energy consumption costs.

Due to the heterogeneity of the MEC system, the upper
limit of MEC system resources will not be the same value.
The impact of bandwidth resources and computing capacity
on the revenue of the MEC server and the average cost of
EUs under different strategies is shown in Figs. 11 and 12.
Both bandwidth and computing resources impose constraints
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Fig. 12. Comparison with computing capacity. (a) Revenue of MEC server. (b) Average cost for EUs.

on participants in the MEC architecture. Among the three
strategies, as resources increase, the MEC server revenue
shows an growth and then tends to stabilize, while the average
cost for EUs gradually decreases and eventually becomes
stable. As shown in Fig. 11, although the OBO strategy adopts
optimal bandwidth allocation, the impracticality of computing
resource allocation causes the assigned computing resources to
quickly reach their limit, thereby restricting the number of EUs
able to perform task offloading. This results in MEC profits
being only half of what our proposed algorithm achieves,
even when bandwidth resources are abundant. Similarly, as
illustrated in Fig. 12, when computing resources are insuffi-
cient (e.g., 1×109 cycles/slot), even with adequate bandwidth
resources, bandwidth sales will still be restricted due to failure
to meet EUs’ minimum requirements of computing resources.
As computing resources become sufficient, the algorithm
gradually improves its performance, but it still tends to reach a
balance due to the constraints of the bandwidth resource upper
limit.

VII. CONCLUSION AND FUTURE WORK

This article utilizes the Stackelberg game to depict the
interaction process between the MEC server and EUs. It
addresses the problem of revenue balance faced by the MEC
server in the presence of limited computing and communica-
tion resources, while ensuring the QoE for EUs. This article
first establishes the optimal relationship between bandwidth
and task offloading size to simplify decision making for EUs.
Subsequently, the optimal strategies for the MEC server and
EUs are derived through backward induction, and a collabora-
tive offloading strategy is devised using the DPRA algorithm.
Simulation experiments are conducted to evaluate the proposed
DPRA algorithm’s performance. The results demonstrate that
the DPRA algorithm outperforms other comparative strategies,
illustrating its effectiveness in optimizing resource utiliza-
tion and achieving lower latency and energy consumption
levels. This has practical significance in promoting the
development of MEC technology and enhancing the QoE
for EUs.

Future research can further explore more complex game
model, such as multiuser and multiserver game. Additionally,
establishing cooperative relationships among MEC servers
can facilitate offloading for EUs, meeting their increasing
computational demands.
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