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Abstract—Multi-Access edge computing (MEC) is an emerging
paradigm where users offload computationally intensive jobs to
the Access Point (AP). Given that the AP’s resources are shared
by selfish users, pricing is a useful tool for incentivising users to
internalize the negative externality of delay they cause to other
users. Nevertheless, different users have different negative valu-
ations towards delay as some are more delay sensitive. To serve
heterogeneous users, we propose a priority pricing scheme where
users can get served first for a higher price. Our goal is to find
the prices such that in decision making, users will choose the class
and the offloading frequency that jointly maximize social welfare.
With the assumption that the AP knows users’ profit functions, we
derive in semi-closed form the optimal prices. However in practice,
the reporting of users’s profit information incurs a large signalling
overhead. Besides, in reality users might falsely report their pri-
vate profit information. To overcome this, we further propose a
partial-knowledge based pricing mechanism where no knowledge
of individual user profit functions is required. At equilibrium, the
optimal prices and average edge delays are learnt, and users have
chosen the correct priority class and offload at the socially optimal
frequency.

Index Terms—Multi-access edge computing, differentiated
services, priority pricing, decentralized mechanism.

I. INTRODUCTION

W ITH the recent advancements of technology, end devices
now run novel and diverse applications such as mobile

gaming, facial recognition, and augmented reality. These ap-
plications are computationally intensive and energy consuming.
The computational capabilities and battery power of end devices,
although improving over the past few years, are still relatively
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insufficient in meeting these requirements [1]. To deal with
this insufficiency, computationally intensive jobs are typically
offloaded to cloud servers via access points (e.g., base stations
or WiFi access points), helping to prolong battery life and
improve user experience. However, jobs involving augmented
reality, human computer interaction also carry stringent low
latency requirements. With cloud computing, it is difficult to
meet these requirements, as the huge distance between the cloud
and the users results in users experiencing wide area network
(WAN) delay [2]. In this regard, the trend of edge computing is
occurring [3]–[6], wherein job computation or data storage will
be shifted to the network edge, instead of faraway clouds. In
this way, WAN delay is avoided. This kind of computing refers
to Multi-Access Edge Computing (MEC), wherein the network
edge refers to the access points (APs).

Since the AP is also in control of the wireless channels,
there is substantial interest in investigating the joint optimization
of radio and computing resource allocation in MEC [7]–[12].
This enhances the system wide resource allocation efficiency.
Besides, as compared to the cloud, the network edge usually
has limited computational resources and tasks might need to
wait in a queue before execution. Thus, the works [13]–[18]
further take queueing delay into consideration. Specifically,
[13]–[16] proposed dynamic offloading algorithms based on
Lyapunov optimization, incorporating the long-term average
cost minimization problem into real-time optimization. The
works [13], [14] study the single user scenario with a user
running various types of tasks; the works [15], [16] further
investigate the multiple users scenario with users moving errat-
ically or under a probabilistic constraint on the queue length
violations. On the other hand, the works [17], [18] take the
average queueing delay as performance metric. Specifically, the
work [17] applies stochastic geometry and parallel computing
to derive the scaling laws of communication/computation la-
tency with respect to network-load parameters. The work [18]
considers concurrent traditional uplink/downlink transmissions
and MEC-based tasks, differentiating tasks via quality of service
(QoS) requirements and assigning higher priorities to those tasks
with lower latency requirements.

To the best of the authors’ knowledge, few works use priority
(in a queue) as a mechanism to optimally allocate radio and
compute resources in MEC. Priority in a queue is an important
consideration in optimizing resource scheduling, since users and
jobs are heterogenous, and have different costs or negative val-
uations towards waiting time [19]. For example, an application
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involving facial recognition or mobile gaming is more delay
sensitive compared to an internet browsing application, as the
first two involve interaction and real time feedback [13], [16].
Providing a priority option allows users and jobs with higher
waiting costs to get served first. In contrast, providing only one
service class will incur welfare loss for users with higher waiting
costs. Many service industries for example telcos, the postal
service and theme parks all offer a priority option. It increases
the service provider’s revenue and allocates resources in a way
to maximize the overall welfare of heterogeneous users. With
this in mind, in this paper we will treat priority as a valuable
resource and approach resource optimization in MEC via a
priority mechanism.

A. Related Works and Main Contributions of This Paper

A large body of current works formulate the joint optimization
of radio and computing resource in MEC as a centralized op-
timization problem, in particular as a Mixed Integer Nonlinear
Programming (MINLP) problem [7]–[12]. However, for cen-
tralized optimization to be implemented, the AP must be able to
control users’ offloading amount. Secondly, the AP must have
knowledge of users’ offloading profit functions. In this work,
we aim to optimize resource allocation for MEC in a distributed
manner, given that centralized optimization requires control and
perfect information which the AP may not have. Other works
taking this distributed approach include the following: in [20]
the initial centralized MINLP problem is broken down into
sub-problems and solved in a semi-distributed way. [21]–[25]
reformulate the centralized problem into a game and derive the
Nash Equilibrium. This equilibrium suffers from welfare loss
because in decision making, selfish users did not internalize
the negative externalities of congestion and delay they cause
to the system. In light of this and because the AP cannot directly
control users’ decisions, we propose using pricing to make users
internalize the negative externality in decision making.

Pricing is a key tool to allocate resources to the users who
value them the most, thus controlling congestion in resource
competition cases [26]. However, only a small body of works
have studied MEC from an economics viewpoint. Existing works
from the economics viewpoint such as [27]–[29] are based on ab-
stract utility functions (e.g., a simple logarithmic function), and
do not capture various user-side factors, such as the processing
capacity of end devices and the amount of remaining computing
tasks. The work [30] takes those user-side factors into account,
and proposes Lyapunov-based algorithms for energy/monetary
cost minimization while ensuring finite processing delay. Simi-
lar to other Lyapunov-based algorithms proposed by [13]–[16],
implementing this work requires sharing and hence periodically
measuring the queueing states of users and the AP at each time
slot. As such, implementing these algorithms will incur a large
signalling overhead.

In [31], we have considered the homogeneous user scenario
and proposed an incentive-aware job offloading control frame-
work, by introducing an economics model encapsulating phys-
ical layer factors, such as the wireless channel condition, the
computational energy, the computational and queueing delay

of both local and edge computing. The average delay (via
statistical measurements over time) is considered since the prices
should not fluctuate too often. We have shown that the pro-
posed framework can help regulate users’ behaviors via pricing
efficiently [31]. Further, in [32], we have proposed a partial-
knowledge based pricing mechanism for the homogeneous user
scenario, in which with no direct control and no knowledge of
users’ private information such as queueing states, the AP learns
the optimal price, inducing self-interested users to make socially
optimal offloading decisions. In this work, we aim to extend our
previous results to the heterogeneous user scenario and provide
the option of priority, where the MEC server serves the high
priority users first for a higher service fee.

Our main contributions are summarized below.
1) Complete users’ individual demand information: Based

on the given utility function we propose an incentive-
aware job offloading framework, in which the user decides
the amount to offload by comparing its utility function with
the delay cost of edge computing. We characterize the
socially optimal point, as a function of the users’ profit
functions as well as the average edge computing delays
(see Theorem 1). Furthermore, we derive in semi-closed
form the prices which can incentivise users to choose the
correct priority class and offload at a socially optimal
frequency.

2) Without users’ individual demand information: We pro-
pose a partial-knowledge based pricing mechanism where
no knowledge of individual user profit functions is re-
quired (see Algorithm 1). Instead, based on the measured
congestion levels, the AP broadcasts prices and expected
edge delays of the distinct priority classes. At equilib-
rium, the optimal prices and expected edge delays are
learnt, with which the AP induces self-interested users to
choose the correct priority class and make socially optimal
offloading decisions, thus maximizing the system-wide
welfare in a decentralized way (see Theorem 2 and 3).

II. COMMUNICATION/EDGE COMPUTING SYSTEM MODEL

We consider an MEC system consisting of an access point
(AP) and N end users. The wireless AP could be a base station,
or a Wi-Fi access point. Other than being a conventional access
point to the core network, it is installed with an additional
edge computing server. The end devices might be running
computation-intensive and delay-sensitive jobs, and may have
insufficient computing power or limited battery energy to com-
plete those jobs. As such, they may offload part/all of their
jobs to the AP. In this section, we will introduce the offloading
policy, the wireless channel model, followed by the models for
computing in detail (see Fig. 1).

A. Job Generation Model and Offloading Policy

Jobs arrive at the end users following a Poisson process of
rate λa. The service time of a job is identically distributed (i.i.d.)
and exponentially distributed, with an average of La bytes input
data to offload. Denote the processing density by Ba. Then the
average CPU cycles to run for a job equals μa = LaBa.
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Fig. 1. An MEC system illustration with job arrival, offloading and
computation.

This paper considers the scenario with flat-fading channels,
and assume that the user can finish offloading in a channel block.
Hence, we consider the following offloading policy. When a job
arrives, if the achievable rate is higher than a threshold βk, the
end user would offload its job to the AP; otherwise, the end user
will choose local computing.

B. Radio Access Model

Users access the AP in an FDMA mode, suffering no multi-
user interference. Let hk denote the small-scale channel gain
from user k to the AP. The achievable uplink data rate is thus,

Rk = log(1 + d−αk |hk|2Ptr/σ
2), k = 1, 2, . . . , N, (1)

where dk denotes user k’s distance to the AP and α represents
the path loss exponent. Ptr is the transmission power and σ2

denotes the received noise power at the AP. In addition, by
comparing the achievable data rate Rk with the expected data
rate βk and by Shannon’s theorem [33]: when Rk > βk the end
device can transmit its job to the AP successfully. Hence, the
user k’s offloading frequency (probability) is

xk = Pr(|hk|2 > (eβk − 1)ρ−1
k ), k = 1, 2, . . . , N, (2)

where ρk � d−αk Ptr/σ
2.

Note that the considered offloading policy is adapted to the
channel state. But all the factors concurring into the formulated
problem of this paper are taken as time-averaged, such that
the market allocation mechanisms can operate on a stable and
reliable representation of the MEC system. As such, in the
formulated problem we characterize the offloading policy as
the probability that the achievable data rate Rk is higher than
the expected (desired) data rate βk. A user could control its
offloading frequency by adjusting the threshold βk.

C. Computation Model

Based on the above radio access model and offloading policy,
we discuss the total overhead/cost of local computing and edge
computing. Both the processing delay and buffer delay are taken
into consideration.

1) Local Computing: By the Poisson arrival process and
exponential job service time assumptions, we have an M/M/1
queue for local computing. Letfm be the end device’s computing
capability (CPU cycles per second), then the expected time spent
per job (including both the job execution time and the time spent
awaiting in a local buffer) is

DLC
k (xk) = 1/(μm − λax̄k), k = 1, 2, . . . , N. (3)

where the local computing probability x̄k � 1− xk, and the
service rate μm � fm/μa. Next, the computational energy of
local computing is

ELC
k = κmf 2

mμa, k = 1, 2, . . . , N, (4)

where κmf 2
m is the power consumption the end user runs one

CPU cycle, and κm is an energy consumption coefficient that
depends on the chip architecture [34].

The total weighted cost of local computing is [21], [22]

ZLC
k (xk) = cekE

LC
k + cdkD

LC
k (xk), k = 1, 2, . . . , N, (5)

where 0 < cek < 1 (in units 1/Joule) and 0 < cdk < 1 (in units
1/Second) are the weights of computational energy and delay.
The weights can be determined depending on the circumstances
of individual devices, allowing different users to place dif-
ferent emphasis in decision making. For example, if the user
is running urgent jobs such as involving augmented reality,
human computer interaction, it would give the delay cost more
emphasis. If the end device hopes to prolong its battery life,
it would give energy consumption more emphasis, choosing
a bigger value of cek. These weights could be affected by the
battery states. However, to make sure that the market allocation
mechanisms can operate on a stable and reliable representation
of the MEC system, all the factors concurring into the formu-
lated problem are taken as time-averaged. If network conditions
were to change, the weights could be updated, and the final
allocation recomputed. In this paper, we consider two classes
of resource-hungry users with different service requirements,
i.e., one class of users setting cdk = cdH, k = 1, . . . , NH, and
the other setting cdk = cdL, k = NH + 1, . . . , NH +NL, where
NH +NL = N .

1) Edge Computing: First, the time taken to offload to the
AP is

DEC
k,1 (xk) = laμa/βk(xk), k = 1, 2, . . . , N. (6)

This indicates that the energy required by offloading is

EEC
k (xk) = Ptrlaμa/βk(xk), k = 1, 2, . . . , N. (7)

Subsequently, the offloaded job will stay at the AP’s buffer
until it leaves after execution. For the purpose of increasing the
net welfare, the AP applies priority queueing, where it provides
different qualities of service to different classes of traffic. Sup-
pose that traffic classes are partitioned into two sets, H and L. In
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specific, two FCFS queues are formed in front of a single server,
one line for priority users from the class H and one for ordinary
users from the class L. The service of an ordinary user’s job is
preempted if a priority user’s job arrives. The preempted user’s
job is then moved to the head of the ordinary queue and resumes
service from the point where it was interrupted only when no
priority users are present.

It is worth noting that our results are specific to having two
priority classes. We proposed two priority classes as a bench-
mark to study how the concept of priority interacts with the MEC
job offloading scenario. To deal with multiple priority classes in
MEC, markov chains could be used as a tool to model them [35].
Future work could involve investigating the impact of multiple
priority classes on the social welfare and average delays for users
in MEC.

On the other hand, FCFS helps us clearly model the differ-
ences in delay a user would face under the high priority and low
priority schemes, which is in line with our objectives of showing
the effect of the priority option on users’ average waiting time.
It helps to characterize the delay as a function of the arrival time.
Nevertheless, it has disadvantages such as a long average waiting
time. Last in First Out (LIFO) or Round Robin schemes are
alternative scheduling mechanisms, as long as it can be solved
that the correlation of the differences in waiting a user would
face under the high priority versus low priority schemes cannot
be clearly seen.

Based on the aforementioned offloading policy, the end device
will choose to offload its jobs with probability xk. This, com-
bined with the splitting property of the queueing theory [36],
indicates that the job offloading from a end user also follows a
Poisson process, with parameter λaxk. Hence, the job arrival
at the AP is a superposition of multiple Poisson processes
from multiple end users, which, according to the superposition
property of queueing theory [36], is another Poisson process with
arrival rate as the sum arrival rate of the superposed processes.
Therefore, the arrival rate at the AP is

∑
ij=H λaxj for the higher

priority class of users and
∑

ij=L λaxj for the lower priority
class of users. On the other hand, the service times are i.i.d. and
exponentially distributed with parameter μa.

Let fB be the AP’s computing capability (CPU cycles per
second). The line for priority jobs from the class H forms an
M/M/1 queue with service rate asμB = fB/μa (jobs per second)
and arrival rate as

∑
ij=H λaxj . Thus, for the user choosing

the first priority, the expected time a job spending at the AP
(including both the computation execution time and the time
spent awaiting in the edge buffer) can be expressed as,

DEC
H (x) = 1/

⎛
⎝μB −

∑
ij=H

λaxj

⎞
⎠ , (8)

where x � (x1, x2, . . . , xN ).
In addition, the line for jobs as a whole forms an M/M/1

queue with service rate as μB and arrival rate as
∑

ij=L λaxj +∑
ij=H λaxj . Denote DEC

L as the expected time a job for the
user choosing second priority, spending at the AP. By Little’s

law [36], we have⎛
⎝∑

ij=H

λaxj

⎞
⎠DEC

H (x) +

⎛
⎝∑

ij=L

λaxj

⎞
⎠DEC

L (x)

=

∑
ij=H λaxj +

∑
ij=L λaxj

μB −
∑

ij=L λaxj −
∑

ij=H λaxj
,

which, combined with (8), indicates that

DEC
L (x) =

μBD
EC
H (x)

μB −
∑

ij=L λaxj −
∑

ij=H λaxj
. (9)

We neglect the energy overhead of edge computing as [11],
[22], [24], since normally the AP can access to wired charing
and it has no lack-of-energy issues. Also, similar to many other
related works such as [20]–[25], we neglect the time overhead
for the edge to send the computation outcome back to the end
user, since for many applications (e.g., facial recognition) the
size of the computation outcome in general is much smaller
than the size of computation input data, including the device
system settings, program codes and input parameters. As such,
we assume that the result of an offloaded task is guaranteed on
the downlink direction. Combining (6) to (9) yields the total
weighted cost of edge computing by user k, i.e.,

ZEC
k (ik,x) = cekE

EC
k (xk) + cdk(D

EC
k,1 (xk) +DEC

ik
(x)). (10)

Note that the total cost by offloading, as well as the edge comput-
ing buffering delay DEC

ik
(x), depends on both the local variable

(i.e., xk for the k-th user) and also the offloading frequency of
other users. As we will see later, due to this coupled nature of
delay we have coupled objective functions.

III. PROPOSED ECONOMICS MODEL FOR MULTI-ACCESS EDGE

COMPUTING AND PROBLEM FORMULATIONS

By the aforementioned offloading policy, when a job arrives
the user will offload with probability xk, and locally compute
with probability x̄k. Hence, the expected total cost of offloading
is

Zk(ik,x) = x̄kZ
LC
k (xk) + xkZ

EC
k (ik,x). (11)

On the other hand, when there is no such edge server providing
computing power, users have to run jobs locally with average
cost ZLC

k (0). Therefore the gross profit of offloading by the
k-th user under a given offloading strategy x is,

Vk(ik,x) = ZLC
k (0)− Zk(ik,x), k = 1, . . . , N. (12)

The key idea of the economics model is to introduce the utility
function and the cost function. Some observations are in order.
Firstly, the profit each user obtains equals the cost savings from
offloading, and it is a linear combination of the energy costs
and the delay costs. Secondly, the coupled delay cost DEC

ik
(x)

reflects the harm/congestion each user causes to the other users,
with a bigger value indicating that the AP provides worse service
to the users. Thirdly, except for the expected time spent at the AP,
i.e., DEC

ik
(x), which depends on all users’ offloading decisions,
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Fig. 2. The achievable utility for varying distances to AP.

the other items in the profit function only depend on each user’s
own offloading frequency xk. Motivated by these observations,
we introduce a utility function Uk(xk) which includes the items
in the profit function that only depend on the local variable xk,
i.e.,

Uk(xk) = ZLC
k (0)− x̄kZ

LC
k (xk)

− xk(c
e
kE

EC
k (xk) + cdkD

EC
k,1 (xk)). (13)

This, combined with (12), indicates that

Vk(ik,x) = Uk(xk)− Ck(ik,x), k = 1, . . . , N, (14)

where Ck(ik,x) � cdkxkD
EC
ik

(x) can be regarded as the delay
cost caused by sharing an MEC server at the AP.

Taking the derivative of Uk(xk) with respect to xk, we arrive
at the demand function of user k, i.e.,

gk(xk) � ∂Uk(xk)/∂xk.

For each end user, it holds true that the demand functiongk(xk) is
a monotonically decreasing function of the offloading frequency
xk. Moreover, there exists a unique solution of the equation
gk(xk) = 0, denoted as xup

k . It holds true that gk(xk) > 0 when
xk < xup

k . Besides, by the definition of Uk(xk), it is easy to
verify that Uk(0) = 0. Therefore, Uk(xk) is a monotonically
increasing function and is always non-negative for the region of
interest xk ∈ [0, xup

k ].
The utility function in (13) measures the welfare of offloading,

while containing physical layer meaning. It is illustrated in
Fig. 2, for a system with parameters set as in the numerical
results section. Different distances, i.e., d = 10m, d = 50m and
d = 70m, from the user to the AP are considered. One can see
that the utility function is strictly increasing while the rate of
increase, i.e., the demand, decreases as xk increases; this is
consistent with the law of diminishing marginal returns, a typical
property of utility functions in economics. Moreover, the user
closer to the AP has more offloading demand and can achieve a
higher utility for the same offloading amount. This agrees with
intuition that a user nearer the AP experiences a better wireless
channel.

A. Problem Formulations

We consider the social-welfare offloading decision problem,
where the objective is to maximize the net social welfare∑N

k=1 Vk(x) as follows.

Social Problem:

{̄i�k, x̄�
k} � arg max

{ik,xk}

∑
j

Vj(ij ,x),

s.t. ik ∈ {H,L}, 0 ≤ xk ≤ 1, ∀k. (15)

Generally, the above Social Problem can be solved centrally,
which requires control and perfect utility information of users.
As an alternative, in this work we aim to provide users with the
appropriate incentives to control their flows and maximize the
overall system performance in a distributed way.

Intuitively, to maximize the net social welfare each user
should also be concerned with the congestion it causes to other
users and should keep its offloading under an appropriate amount
for other users’ welfare; the difficulty lies in how to incentivise
users to do so when users are selfish and will choose their
offloading decisions such that their individual profit Vk(xk) is
maximized.

Pricing is a useful tool in incentivising users to choose the
socially optimal levels of demand. The key idea is to enforce
users to pay for the congestion they cause to the other users. In
the following Regulated Selfish Problem, we study the pricing-
based scheme, which charges users an additional edge comput-
ing service fee to regulate users’ behavior.

Regulated Selfish Problem:

{i�k, x�
k} � arg max

{ik,xk}
Uk(xk)− (cdkD

EC
ik

+ pik)xk,

s.t. ik ∈ {H,L}, 0 ≤ xk ≤ 1, ∀k. (16)

where pH and pL respectively denote the unit service fee for the
MEC service with high priority and low priority.

Does there exist price pair (pH, pL) such that the individual
objectives of self-interested users will be aligned with the social
welfare maximization objective? If it exists, how to design
pricing schemes to achieve the highest net social welfare? In
the following sections, we answer the above two questions.

IV. THE SOCIALLY OPTIMAL OFFLOADING MECHANISM WITH

TWO PRIORITY CLASSES OF USERS

In this section, we study the socially optimal offloading mech-
anism in a complex scenario with two priority classes of users.
The priority queue is offered, wherein other than optimizing over
each user’s frequency of offloading, we also need to optimize
over the job scheduling sequence. This is because as mentioned
earlier, different users might have different negative valuations
towards delay experienced. Therefore, providing one class of
service will incur further welfare loss, on the part of users have
high delay sensitivity. To deal with heterogeneous users, our
mechanism provides the option of priority, where it serves the
high priority users first for a higher service fee. Distinct prices
for the two priority classes will ensure truthfulness, preventing
all users from declaring priority. The prices will be set such that
in decision making, when users weigh their payoffs from the two
classes, they will choose the class that maximizes social welfare.

In what follows, we first analyze the structural property of
the formulated social and regulated selfish problems and admit
in semi-closed form the optimal prices that induce socially
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optimal offloading decisions, which, however, requires users’
individual profit functions. As such, in the second subsection,
we propose an evolutional pricing algorithm, which requires no
individual utility functions and learns the correct prices based
on the congestion level.

A. Optimal Price for Offloading Under Complete Information

Before proceeding, we first introduce a lemma as follows.
Lemma 1: For the purpose of minimizing the total delay cost,

the end users putting more consideration to the delay cost, i.e.,
cdk = cdH, shall be given the higher priority service, i.e., ik = H.

Proof: According to the famous cμ rule (or, here, the cdkμa

rule) [37], providing a higher priority to those users with a higher
value of delay cost, is optimal in terms of minimizing the system-
wide delay cost. This completes the proof. �

Based on Lemma 1, the users with higher delay costs shall
be given a higher priority service, while those with lower delay
costs shall wait in the queue for the AP finish executing higher
priority jobs. Therefore, the expression of delays in (8) and (9)
can be respectively rewritten as,

DEC
H (x) = 1/ΨH, (17a)

DEC
L (x) = μBD

EC
H (x)/Ψ. (17b)

where ΨH � μB −
∑

cdj=cdH
λaxj and Ψ � μB −

∑
j λaxj .

For the Social Problem, by the first order condition, at the
maximum is holds that

∂Uk(xk)

∂xk
−

N∑
j=1

∂cdjxjD
EC
ij

(x)

∂xk
= 0

⇔ gk(xk) = cdkD
EC
ik

(x) +

N∑
j=1

∂cdjD
EC
ij

(x)

∂xk
xj . (18)

Substituting (17a) and (17b) into (18) and by further deriva-
tions, we arrive at the following theorem.

Theorem 1: Considering an MEC network consisting of two
priority classes of users, the optimal offloading frequencies of
the end users are given by solving the following equations,

gk(xk) = cdkD
EC
ik

(x) +

NH∑
j=1

∂cdHD
EC
H (x)

∂xk
xj

+

NL∑
j=1

∂cdLD
EC
L (x)

∂xk
xj , k = 1, 2, . . . , N, (19)

which equals solving the equations in (20), as shown at the
bottom of this page.

Proof: See Appendix A. �

Remark 1: By solving the N equations in (23), we obtain the
offloading solutions of the Social Problem. Furthermore, this
solution is unique.

In contrast, for the Regulated Selfish Problem, at the maxi-
mum it holds that

gk(xk) = cdkD
EC
ik

+ pik , ∀k. (21)

Comparing (25) with (23) and for the purpose of aligning the
individual objectives with the social welfare objective, the price
shall be set as,

pik =

NH∑
j=1

∂cdHD
EC
H (x)

∂xk
xj +

NL∑
j=1

∂cdLD
EC
L (x)

∂xk
xj .

In addition, according to Lemma 1, the users with lower delay
costs shall be given lower priority service, in which case the
derivative ∂DEC

H (x)/∂xk = 0. Hence, for the users with higher
delay cost and those with lower delay cost, the AP shall respec-
tively charge them with a service fee as follows,

pH =

NH∑
j=1

∂cdHD
EC
H (x)

∂xk
xj +

NL∑
j=1

∂cdLD
EC
L (x)

∂xk
xj , (22a)

pL =

NL∑
j=1

∂cdLD
EC
L (x)

∂xk
xj . (22b)

Theorem 2: For any given price pair (pH , pL) satisfying
(22a)(22b) and the expected delay pair (DEC

H , DEC
L ) satisfying

(17a)(17b), it is in all the end users’ self-interest to classify their
jobs in their correct priority class, i.e.,

pik + cdkD
EC
ik

< p̄ik + cdkD
EC
īk

, ik ∈ {H,L}.
where īk = L if ik = H, and īk = H if ik = L. Moreover, the
resulting offloading frequencies maximize the net welfare of all
the end users.

Proof: See Appendix B. �
Remark 2: Based on Theorem 2, one can see that the given

price pair (pH , pL) is incentive-compatible. That is, under this
pricing mechanism, rational users will choose to pay the right
class service fee and join the right priority class in terms of social
welfare maximization.

Substituting the optimal solution derived by Theorem 1 into
(26a)(26b), we arrive at the right prices that the AP shall set for
the purpose of inducing users to choose the right priority class.
However, the derivation of the optimal offloading frequency
solution in Theorem 1 requires users’ individual profit functions.
In the following subsection, we derive an evolutional pricing
algorithm, which requires no knowledge of individual utility
functions and learns the correct prices, such that social welfare
is maximized.

gk(xk) =

⎧⎪⎪⎨
⎪⎪⎩

cdkD
EC
H (x) +

∑NH

j=1
λac

d
Hxj

Ψ2
H

+
∑NL

j=1
λaμB(ΨH +Ψ)cdLxj

Ψ2Ψ2
H

, if cdk = cdH,

cdkD
EC
L (x) +

∑NL

j=1
λaμBc

d
Lxj

Ψ2ΨH
, if cdk = cdL.

(20)

Authorized licensed use limited to: Singapore University of Technology & Design. Downloaded on October 12,2021 at 09:01:29 UTC from IEEE Xplore.  Restrictions apply. 



8086 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 70, NO. 8, AUGUST 2021

Fig. 3. Schematic view of the proposed partial-knowledge based pricing
scheme for two priority classes of users.

B. Partial-Knowledge Based Pricing Which Induces
Social-Optimal Offloading

As shown in Fig. 3, at each time slot t, the AP observesDtrue,t
H,EC

and Dtrue,t
L,EC , the congestion level caused by users’ offloading

decisions. Based on the congestion level, the AP computes and
broadcasts the unit service fees ptH and ptL, and delay Dt

H,EC

and Dt
L,EC signals to users. Viewing those prices and expected

delays information, users then decide their priority class and of-
floading frequency to maximize their individual welfare. Please
see Fig. 3 for the schematic view.

However, it is not easy to extend the evolutional pricing
algorithm for the case with one priority class of users here,
since other than inducing users to offload at the social optimal
offloading frequency, the correct prices also need to induce users
to choose the correct priority class.

The key idea is to adjust prices according to (22a)(22b). Some
observations are in order. First, given a pair of average delays,
i.e., DEC

H and DEC
L , we can respectively determine the sum

offloading rate of the two distinct priority classes of users accord-
ing to (17a) and (17b), which further decides the corresponding
prices according to (22a)(22b). Substituting the average delays
and prices into (25), users can compute the offloading frequency
that maximizes their’ individual profit. Second, according to
Theorem 2, given any delay pairs and price pairs respectively
satisfying (17a)(17b) and (22a)(22b), it is in all the end users’
self-interest to classify their jobs in their correct priority class.
That is, those price pairs are incentive-compatible candidates.
Third, the demand function g(xk) is monotonically deceasing
with respect to xk. As such, if the right hand side of (25), i.e.,
the total cost, is less than that at the social optimal equilibrium,
the resulting offloading frequency xt

k > x�
k, which results in a

high congestion level. Based on these observations, we propose
Algorithm 1 as follows.

Specifically, the whole algorithm consists of two embedded
loops, where in the outer loop the AP updates the expected
average delay of Dt

H,EC for the high priority queue, while in
the inner loop the AP updates the expected average delay of
Dt

L,EC for the low priority queue.
In the inner loop and at each time slot, the AP observes

Dtrue,t−1
L,EC , the congestion level of the low priority queue, caused

by users’ offloading decisions. Based on the observed congestion
level, the AP computes the expected average delayDt

L,EC for the
low priority queue, which, combined with Dt

H,EC, decides the

Algorithm 1: Proposed Partial-Knowledge Based Pricing
Algorithm for Two Priority Classes of Users.

1: Initialize: t← 0, Dt
H,EC ← μ−1

B + ς , Dtrue,t
H,EC ← 0

2: While Dt
H,EC > Dtrue,t

H,EC do �Learn lower/upper bounds
3: DUB

H,EC ← Dt
H,EC

4: t← t+ 1, Dt
H,EC ← max{Dt

H,EC/2, μ−1
B }

5: Dt
L,EC ← μBD

t
H,ECD

t
H,EC

6: (ptH, p
t
L)← by (17a)(17b) and (22a)(22b)

7: i�k ← argminik(p
t
ik
+ cdkD

t
ik,EC)

8: xt
k ← g−1

k (pti�k
+ cdkD

t
i�k,EC), k = 1, 2, . . . , N

9: Dtrue,t
L,EC ← by substituting xt

k into (17b)

10: While Dt
L,EC < Dtrue,t

L,EC do
11: DLB

L,EC ← Dt
L,EC

12: t← t+ 1, Dt
L,EC ← 2Dt

L,EC, Dt
H,EC ← Dt

H,EC

13: Execute steps 6-9
14: end
15: DUB

L,EC ← Dt
L,EC

16: While DUB
L,EC −DLB

L,EC > ε do �Bisection search
17: t← t+ 1, Dt

L,EC ← (DUB
L,EC +DLB

L,EC)/2,
Dt

H,EC ← Dt
H,EC

18: Execute steps 6-9
19: If Dt

L,EC < Dtrue,t
L,EC then DLB

L,EC ← Dt
L,EC

20: else DUB
L,EC ← Dt

L,EC

21: end �The stop threshold ε = 0.01
22: Dtrue,t

H,EC ← by substituting xt
k into (17a)

23: end
24: DLB

H,EC ← Dt
H,EC

25: While DUB
H,EC −DLB

H,EC > ε do �Bisection search
26: t← t+ 1, Dt

H,EC ← (DUB
H,EC +DLB

H,EC)/2
27: Execute steps 5-22
28: If Dt

H,EC < Dtrue,t
H,EC then DLB

H,EC ← Dt
H,EC

29: else DUB
H,EC ← Dt

H,EC

30: end
31: return pH ← ptH, pL ← ptL, DEC

H ← Dt
H,EC,

DEC
L ← Dt

L,EC

unit service fee ptH and ptL. Following which, the AP broadcasts
the service fee and expected delay signals to users. Viewing the
signals, users decide which priority class to join and determine
their offloading frequency xt

k based on (25) to maximize their
individual welfare. The above process iterates until convergence
when the resulting congestion level Dtrue,t

L,EC equals the expected
average delay set, i.e., Dt

L,EC.
In the outer loop and at each iteration, the AP observes

Dtrue,t−1
H,EC , the congestion level of the high priority queue. Based

on the observed congestion level, the AP computes the expected
average delay Dt

H,EC for the high priority queue. The inner loop
(steps 5-26) is then executed until the congestion level of the low
priority queue converges to its expected average delay. Back to
outer loop, the AP will check ifDtrue,t

H,EC , the observed congestion
level of the high priority queue has converged to Dt

H,EC, its
expected average delay. If not, the outer loop will change its
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TABLE I
SUMMARY OF KEY NOTATIONS

expected average delay again, and continue with the inner loop
(steps 5-26). Otherwise, the entire process stops and we have
arrived at the optimal prices and expected delays of the two
priority classes that maximize the system-wide welfare.

The following theorem proves that Algorithm 1 converges.
Theorem 3: Algorithm 1 finally converges to a socially opti-

mal point where users classify their jobs in their correct priority
class and offload at the offloading frequencies which jointly
maximize the system-wide welfare.

Proof: See Appendix C. �

V. NUMERICAL RESULTS

In this section, we provide numerical simulations which
substantiate our theoretical results. The simulations show the
convergence and optimality of our proposed pricing mechanism,
and give us some insight into the system performance at the
optimal allocation.

A number of 100 end users are uniformly placed at random
on a ring of radius 10 ≤ dk ≤ 75 (unit: meters) whose cen-
ter is located at the AP. The path loss exponent is α = 3.5.
The channels are assumed to be identically distributed (i.i.d.)
and |hk|2 ∼ exp(1). The heterogeneous scenario is considered,
where users have varying computational delay and energy re-
quirements, and a priority based pricing mechanism offering
two priority classes (Algorithm 1 in Section 4.2) is proposed to
maximize the overall welfare of heterogeneous users. Without
loss of generality, we assume that the first 50 users set their
computational weights as cdk = 0.9 and the other 50 users set
their weights as cdk = 0.1. The key parameters are summarized
in Table II.

In Fig. 4 we plot how the average delays and prices for both
the low and high priority classes varying over time. Recall that
Algorithm 1 consists of two embedded loops. In the inner loop
the expected average delay of the low priority class Dt

L,EC

is updated until the resulting congestion level Dtrue,t
L,EC equals

Dt
L,EC. While in the outer loop, the expected average delay

TABLE II
SIMULATION PARAMETERS [13], [16], [38]

Fig. 4. (a) Posted delay v.s. time; (b) Posted price v.s. time.

of the high priority class Dt
H,EC is updated, until the resulting

congestion level Dtrue,t
H,EC equals Dt

H,EC. As the updates are given
in closed form, the complexity of the proposed algorithm only
lies in the convergence speed. This embedded loop structure can
be visualised by the algorithm’s trajectory in the figures. From
Fig. 4, we can see that our mechanism learns the optimal delays
and prices for both classes. The AP learns these optimal values
without knowledge of users’ utility functions (which encapsulate
private information like battery states). It can be seen that the
optimal price for the high priority class is around 3 times higher,
because i) they are paying for the higher delay they cause to the
low priority users (see eq. (26a) and (26b)), ii) they have low
delay tolerance and would be willing to pay a higher price for a
lower average delay.

Fig. 5 illustrates the individual users’ cost per job as a
percentage of that by local computing only. The subplot Fig. 5(a)
illustrates that at the equilibrium point of our mechanism,
the users achieve the optimal cost savings. As comparison, in
Fig. 5(b) we also plot the individual users’ cost by other schemes
without priority queue, the social scheme and the selfish scheme.
Specifically, in the social scheme we maximize the net welfare
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Fig. 5. Job execution costs (%) via different schemes.

Fig. 6. (a) Mean offloading frequency; (b) Average cost.

of users, while in the selfish problem users maximize their
individual interest. Similar to Section 4.1, optimal solutions of
these two schemes could be respectively obtained by solving
the equations arising from the derivatives of the net welfare
and users’ individual interest. From Fig. 5, we can see that as
compared with the proposed scheme, under the schemes without
priority queue, users with stricter delay requirement (i.e., bigger

computational weight) suffers from profit loss. This can be
explained as follows. Given a same expected value of average
delay, users with a bigger computational weight pay more due
to the higher delay cost. As such, their demand in offloading
decreases. In contrast, users with a smaller computational weight
are more willing to offload. Therefore, the former group of users
cannot enjoy well the cost saving brought by edge computing.

We conclude this section with Fig. 6, in which we run the
simulation for the four different schemes. In each simulation,
we place end users uniformly, and respectively plot the resulting
mean offloading frequency of users as well as the job execution
cost of the different schemes. From Fig. 6, we can see that by
providing the option of priority, users offload more often, which
results in bigger cost savings (almost reduced 30% of the cost,
as compared to local computing only). In contrast, users offload
more under the selfish scheme, as compared to the social scheme,
however, they suffer from an improper high congestion level. As
such, they suffer welfare loss on average.

VI. CONCLUSION

In this paper, we have proposed an incentive-aware offload-
ing mechanism for an MEC system, where an (AP) of finite
computing power serves two classes of resource-hungry and
selfish users. As users have heterogeneous service requirements,
our mechanism provides the option of priority, serving the high
priority users first for a higher price. We have characterized in
semi-closed form the socially optimal prices, and proposed a
partial-knowledge based pricing mechanism for the incomplete
information scenario. Further, we have proved that the proposed
mechanism converges to the optimal prices and expected edge
delays, such that at equilibrium, self-interested users choose
the correct priority class and make socially optimal offloading
decisions.

In this work we have assumed that the MEC server executes
jobs one after another. Future work will take parallel edge
computing into account. Also, we have considered the static
scenario where end users (end devices) do not move. It would
be interesting to use reinforcement learning to allow the AP to
learn the behaviors of end users such as the mobility pattern and
the job arrival pattern, so that it could make dynamic pricing
decisions based on the states of a dynamic environment, and we
plan to tackle this in our future work.

APPENDIX

PROOF OF THEOREM 1

According to Lemma 1, for the purpose of maximizing the
net welfare of users, a user with stricter delay requirement shall
choose the higher priority service; otherwise, it shall choose the
lower priority service. As such, the edge computing delay can
be rewritten as follows,

DEC
ij

(x) =

{
DEC

H (x), if cdj = cdH,
DEC

L (x), if cdj = cdL,
(23)

where DEC
H (x) and DEC

L (x) are given by (17a) and (17b),
respectively. Substituting (23) into (18) yields (19).
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Besides, taking the derivative of the formula in (17a) with
respect to xk yields

∂DEC
H (x)

∂xk
=

{
λa/Ψ

2
H, if c

d
k = cdH,

0, if cdk = cdL.
(24)

Similarly, taking the derivative of the formula in (21b) yields

∂DEC
L (x)

∂xk
=

⎧⎪⎨
⎪⎩

λaμB(ΨH +Ψ)

Ψ2Ψ2
H

, if cdk = cdH,

λaμB

Ψ2ΨH
, if cdk = cdL.

(25)

Substituting (24) and (25) into (19), we have (20). This com-
pletes the proof.

APPENDIX B
PROOF OF THEOREM 2

In this section, we will prove the following two equations,
thus completing the proof of Theorem 2.

pH + cdHD
EC
H < pL + cdHD

EC
L , (26a)

pL + cdLD
EC
L < pH + cdLD

EC
H . (26b)

Combining (22a)(22b) and (24)(25), we arrive at

pH − pL =

NH∑
j=1

λac
d
Hxj

Ψ2
H

+

NL∑
j=1

λaμBc
d
Lxj(ΨH +Ψ)

Ψ2Ψ2
H

−
NL∑
j=1

λaμBc
d
Lxj

Ψ2ΨH

= cdH

∑NH

j=1 λaxj

Ψ2
H

+
μBc

d
L

Ψ2ΨH

Ψ(ΨH −Ψ)

ΨH
(27a)

<
μBc

d
H

ΨΨH
− cdH

ΨH
=cdH(D

EC
L −DEC

H ), (27b)

where (27a) comes from the fact that ΨH −Ψ =
∑NL

j=1 λaxj ;
the inequality in (27b) comes from the fact that cdH > cdL. Sim-
ilarly, it can be verified that the last inequality in (27b) can be
replaced by pH − pL > cdL(D

EC
L −DEC

H ). This completes the
proof.

APPENDIX C
PROOF OF THEOREM 3

Let (D�
L,EC, D

�
H,EC) and (p�L, p

�
H) respectively represent the

optimal delays and prices arising from the system-wide welfare
offloading, denoted by x�

k. In the following, we will respectively
show the convergence of the inner and the outer loop, followed
by the proof that Algorithm 1 converges to the offloading deci-
sions that jointly maximzie the system-wide welfare.

1) For any given fixed average delay of the high priority
queue, i.e.,Dt

H,EC = DH,EC, the inner loop converges to a point

where Dtrue,t
L,EC = Dt

L,EC. Some observations are in order. First,

when setting Dt
L,EC = DH,EC + ς we get Dtrue,t

L,EC > Dt
L,EC,

and when setting Dt
L,EC =∞− ς we get Dtrue,t

L,EC < Dt
L,EC.

Here ς is an almost zero but positive value. Second, Dtrue,t
L,EC

is a decreasing function of Dt
L,EC ∈ (DH,EC,∞). This can

be proved as follows. Assume that Dt1
L,EC < Dt2

L,EC. Then,

pt1
H < pt2

H and pt1
L < pt2

L . This, combined with the fact that the
demand function gk(xk) in (21) is monotonically decreasing,
indicates thatxt1

k > xt2
k . Hence, it holds thatDtrue,t1

L,EC > Dtrue,t2
L,EC .

Concluding the above observations, the inner loop converges to
a point where Dtrue,t

L,EC = Dt
L,EC, where, for the ease of expo-

sition, we respectively use De
L,EC, peL and peH to represent the

equilibrium delay and prices.
2) The outer loop converges to the optimal point where

Dtrue,t
H,EC = Dt

H,EC = D�
H,EC. In the following, we will prove by

contradiction that Dtrue,t
H,EC < Dt

H,EC holds true only if Dt
H,EC >

D�
H,EC; the argument for the inverse case is similar. Concluding,

the outer loop converges to a point where Dtrue,t
H,EC = Dt

H,EC =
D�

H,EC.
Assume Dt

H,EC ≤ D�
H,EC. Then, we have the following in-

ference.
i) Its embedded inner loop converges to a point where

peL + cdLD
e
L,EC ≤ p�L + cdLD

�
L,EC; (28)

otherwise, assume that peL + cdLD
e
L,EC > p�L + cdLD

�
L,EC, and

since the demand function gk(xk) in (21) is monotonically
decreasing with respect to xk, the resulting offloading frequency
of users associated with the low priority queue satisfiesxk < x�

k.
This, combined with the assumptionDt

H,EC ≤ D�
H,EC, indicates

that peL + cdLD
e
L,EC < p�L + cdLD

�
L,EC, which, however, contra-

dicts with the assumption.
ii) It holds that Dtrue,t

H,EC ≥ Dt
H,EC. This can be explained as

follows. By Algorithm 1, the posted average edge delay and
price candidates always respectively satisfying (17a)(17b) and
(22a)(22b), based on which it can be verified that

peH + cdHD
t
H,EC

= (cdH − cdL)μBD
t
H,EC

2
+ peL + cdLD

e
L,EC (29a)

≤ (cdH − cdL)μBD
�
H,EC

2 + p�L + cdLD
�
L,EC (29b)

= p�H + cdHD
�
H,EC, (29c)

where (29b) comes from the inference (28) and the assumption
Dt

H,EC ≤ D�
H,EC. In addition, since the demand function gk(xk)

is monotonically decreasing with respect to xk, the resulting
offloading frequency of users associated with the high prior-
ity queue satisfies xk ≥ x�

k. As such, it holds that Dtrue,t
H,EC ≥

D�
H,EC ≥ Dt

H,EC.

The second inference contradicts with the fact that Dtrue,t
H,EC <

Dt
H,EC. This completes the proof that Dtrue,t

H,EC < Dt
H,EC holds

true only if Dt
H,EC > D�

H,EC.
3) Combining the above analysis (1) and (2), one can see that

Algorithm 1 converges to a point where Dtrue,t
L,EC = Dt

L,EC and

Dtrue,t
H,EC = Dt

H,EC. This, combined with Theorem 1, indicates
that Algorithm 1 converges to offloading decisions that jointly
maximize the system-wide welfare. This completes the proof.
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