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Abstract. Mobile Edge Computing (MEC) is regarded as a promising
technology that migrates cloud computing platforms with computing and
storage capabilities to the edge of the wireless access network, enabling
rich applications and services in close proximity to the mobile users (MUs).
There are alot of literatures that have studied computation offloading. Dif-
ferent from them, this paper performs a novel research on multi-level com-
putation offloading taking account into the heterogeneity of computation
tasks and computation resource backup pool, and introducing opportunis-
tic networks in multi-access networks simultaneously. Firstly, we describe
the computation offloading model. Then, we formulate the multi-level
computation offloading problem as a Stackelberg game and demonstrate
the existence of the game Nash equilibrium. In order to solve above prob-
lem, we design a global optimal algorithm based on game theory. Finally,
the performance of the proposed algorithm is verified by comparing with
other algorithms. Simulation results corroborate that the algorithm can
not only decrease the energy consumption, but also is stable.

Keywords: Mobile edge computing - Stackelberg game - Computation
offloading - Multi-access network

1 Introduction

Nowadays, the development of latency sensitive and computation intensive appli-
cations such as interactive game and augmented reality is closely related to the
development of mobile devices. These applications have attracted a lot of atten-
tion because of their ability to spice up and bring convenience to our lives. Nev-
ertheless, mobile devices are often resource constrained [1]. As a result, resource-
constrained mobile devices can become strained by latency sensitive and com-
putation intensive applications, causing bottlenecks and making it difficult for
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mobile devices to ensure the required quality of service (QoS) (including energy
consumption and/or processing delay [2]. Mobile Edge Computing (MEC) pro-
posed by ETSI (European Telecommunications Standards Institute) can mit-
igate the need for large amounts of computation from mobile devices, which
enables such applications through providing computation resource in close to
mobile users and at the edge of the radio access network [3].

Computation offloading is one of the critical issues in MEC system. Generally
speaking, computation offloading is made up of three phases, the data uploading,
the task execution and the result return. However, since the computation results
are very small, the time for returning the computation results is ignored in most
literatures [4]. With computation offloading technology, the resource-constrained
MUs can save energy and enrich MUs experience by fully or partially offloading
computation-intensive tasks to the nearby other MU or MEC server [5].

There are a lot of work that has investigated the computation offloading
and resource allocation of MEC. In a multi-user scenario, paper [5] investigated
the resource allocation for MEC offloading in cellular networks. Considering a
multi-user and multi-server MEC scenario, the authors in [6] proposed a genetic
algorithm based computation algorithm in order to solve offloading decision,
computation resource allocation and channel allocation. As indicated in [7], the
efficiency of the computation offloading and resource allocation depends largely
on the decision to offloading strategy. Task offloading and resource allocation in
an MEC enabled multi-cell wireless network are studied in [8] with the objective
of maximizing the MUs’ task offloading gains and it formulate considered prob-
lem as a mixed integer nonlinear program. However, the authors did not consider
the heterogeneity of MUs computation tasks and the queue latency at the MEC
servers. Various from above work, we do a novel research on the computation
offloading decision-making and resource allocation in a multi-access network.

In this paper, we study a MEC system in which consider computation
resource backup pool among the MEC servers and investigate computation
offloading strategy with the objective of maximizing the utility of MUs and the
revenue of MEC servers via optimizing offloading decision-making while taking
into account heterogeneity of computation tasks, queue delay and opportunis-
tic networks (ONs) in multi-access networks, where, opportunistic networks is a
self-organizing network which introduces encountering opportunities brought by
node movement to realize communication rather than relying on a complete link
between the source node and the target node [9] and the ONs enable MUs to
communicate not only with MUs connected by D2D link, but also with comput-
ing nodes via movement. First, we denote the system model and formulate the
main problem as a Stackelberg game problem. Then, we prove the existence of
the game Nash equilibrium. Furthermore, we propose a global optimal algorithm
namely computation offloading algorithm to tackle this problem. Eventually, the
convergence of the algorithm is studied by simulation. The simulation results
show that the algorithm works well comparing with other algorithms, which
verifies the effectiveness of the proposed algorithm in terms of maximizing the
utility of MUs and the revenue of MEC servers.
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Fig. 1. System model

The remainder of our work is organized as follows. Section 2 gives the system
model and problem formulation. In Sect. 3, the proposed joint optimization algo-
rithm is developed. Simulation results and discussions are described in Sect. 4.
Finally, we conclude this paper in Sect. 5.

2 System Model

2.1 Network Model

We consider a multi-access network with I mobile users (MUs) and M small
base stations (SBSs) as shown in Fig. 1, where all of SBSs is equipped with MEC
servers. The set of MUs and MEC servers are denoted by I = {1,2,...,4,....,I'}
and N = {1,2,....k,..., N}, in which ¢ and k represent MU ¢ and MEC server
k, respectively. Moreover, we suppose that each MU has at most M types of
computation tasks to be accomplished, and each task cann’t be divided into.
Also, the set of computation task types requested by MUs is denoted by M =
{1,2,..., 4, ..., M}, which include interactive games, face/fingerprint recognition,
natural language processing, and so on. In addition, we introduce p; ; to indicate
the request probability of the type-j task at MU 4 taking into account that
different computation tasks are randomly requested by MUs at a time, where
0 < pi; < 1. As for type-j computation task at MU ¢, it can be described as
three items, i.e., b;j = {L;;, D;;, T]5*"}, in which L; ; denotes the data size
of computation task, D; ; describes the total number of CPU cycles required
to complete the computation task measured in Megacycle, T;":*" represents the
Quality of Service (QoS) requirement of computation task. Furthermore, the
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maximum computation capacity of MU i and MEC server k is separately f/-"""
and fp ™.

In the MEC system, between MU i and MEC server k are connected with cel-
lular link, and each of MUs is capable of communicating with other MUs nearby
via opportunistic networks (ONs), which communicates using short-range com-
munication protocols, for example, wifi, bluetooth, and etc. For ease of descrip-
tion, the set of MUs in close to the MU i is described as U and called help users
(HUs). Otherwise, let §; ; denote offloading decision for type-j computation task
at MU ¢, 6; ; = {-I,-(I —-1),....,—m,—(i+1),—(¢1 —1),...,0,1,2, ...k, ...N},
m € I\i, k € N. Specifically, d; ; = —m if MU i offloads type-j computation
task to HUs m, d;; = 0 if MU ¢ decides to execute type-j computation task
locally by its own CPU, §;; = k if MU ¢ offloads type-j computation task to
MEC server k. Next, we will describe the processing delay and energy consump-
tion in the above mentioned cases.

2.2 Local Computing

For §; ; = 0, MU 7 chooses to execute type-j computation task by its own CPU.
Suppose that the computation capacity of each MU is fixed when computing,
but may vary among the MUs. Denote the available computation capacity of
MU i as f! = aéfil’m‘”, al € (0,1], which is measured by CPU cycles per second.
Therefore, the total delay in this case can be expressed by

i = Dii
2V l
fi

Given e! which denotes the consumed energy of MU i per CPU cycle for local
computing, the energy consumption in such case can be given by

(1)

E}; = D; s (2)

2.3 Offload to MEC Servers

For §;; = k, MU ¢ decides to offload type-j computation task to MEC sever
k. Considering the case where multiple MUs are simultaneously offloaded to
the same MEC server k, although the MEC server can purchase computa-
tion resources from the network operator, which places a computation resource
backup pool (CRBP) in each small cell, there is a queue delay because the
purchase of resources requires a certain amount of cost, and the MEC server is
rational. In order to compute execution time and queue time of computation task
b;; at the MEC server k, we suppose that the probability of computation task
requests at MU i follows a Poisson distribution, and then the arrival of various
types of computation tasks at the MEC server k is a Poisson process. After that,
we can model the execution and arrival of computation tasks at the MEC server
as an M/M/1 queue. Therefore, the service time of computation tasks at the
MEC server (including execution time and queuing time) follows an exponential
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distribution with an average service time of —r, where o™ = f""" 4 f¢, fo°
is the computation resources purchased from network operator. Hereafter,the
average time to complete computation task b; ; in this case can be denoted by
tij == NJID_;\? Here, Ay is the average arrival rate of the computation task b; ;
at the MEC server, it can be described as:

I M
A = ZZpujDi,jX{ai,j:k} (3)

i=1 j=1

where, X4y = 0 if the condition # is false, and otherwise X 4, = 1. Fur-
thermore, the total delay of computation task b; ; in the case can be calculated
by
L;; D,
TF = oph + == (4)
J Ri,j oM — Ny

Here, Rﬁ ; represents the data transfer rate from the MU 4 to the MEC server
k. Moreover, let P; ;, h;; and By, denote the transmission power of MU ¢, the
channel gain and the channel bandwidth, respectively. Rf, ; can be computed by

Pijlhiil?

2
No + > Pir jrlhir k|
#EUNGLj' EM\j,0; ;=1

RY, = B*log, | 1+ (5)

where Ny is the additive white gaussian noise power. Thus, the total energy
consumption for offloading to MEC server can be denoted by

Bl = Py,Tf, (6)

2.4 Offload to Help Users

For é;; = —m, MU ¢ decides to offload type-j computation task to help user
m. Since there exists a large queue delay for MU 4 when it decides to offload
computation task b; ; to the MEC server during peak hours, the MUs can also
choose to offload to a help user with a large amount of idle resources nearby.
In this case, the MU i transmits the computation task b; ; to the help user m
through the ONs. After that, we assume that each help user can only help one
user at a time taking into account the computation resources limitation of MUs’,
and then the transmission rate can be expressed as

m m Pivj |hi7m|2
R = B™log, (1 TN, (7)

where B™ and h;,, denote the channel bandwidth and the channel gain
between MUi and help user m. Let f/™ represents available computation resource
of help user m, the total execution delay can be given by

Tlm — ] + 2] (8)
»J RTJ fzm
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Therefore, the total energy consumption in such case can be expressed as

E = P ;T 9)

3 Problem Formulation and Proposed Algorithm

3.1 Problem Formulation

Considering that the MUs and MEC servers are always maintained and operated
by some operators, in order to gain revenues from the provision of computation
services, the operator adopts a pricing scheme so that the MUs can be charged
according to the computation resources they require. In addition, we consider
the linear cost function MEC servers that provide resources. The cost of MEC
server k that provides x unit resources for computation offload is expressed as

Cr(z) = Bz + i (10)

where B > 0 and ~} represent the coefficients of cost function for MEC
server. For ease of analysis, we have 7§ = 0.

Due to the computation resource limitation of the MEC server, there may be
competition among the MUs when making offloading decision. Since the MUs’
offloading decisions are driven by the pricing scheme, these MUs are indirectly
coupled by the computation resource price. Moreover, the computation resource
providers, i.e., the MEC servers, are also indirectly coupled through the price
during the offloading process.

The MUs can offload the computation task to the help users nearby or the
MEC servers remotely, and the MUs’ offloading decisions are response to the
price advertised by the MEC servers. Therefore, the Stackelberg game is an
attractive method to model the multi-level computation offloading [13]. In this
game, the MEC server is the leader, and the MUs act as followers through the
optimal response to the MEC server strategy. Next, we define the utilities of MUs
and the revenue of MEC servers, then model the computation offload problem
as a Stackelberg game.

3.2 The Utility of MUs

The utility of MU 4 accomplishing type-j computation task is defined as
N
l k e pe,t
Uij = ZX{éi,j:k'} (ai,j (B, — Eiy) —erli )

k=1

I
+ Z X(s:,=-m} (ai,j (Ez;,j - Ez”;) - gmfim) (11)
m=1

I
+ > X5, =i} (eafir — Bifh)

G=
V=1,i'#i
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Where a; ; is the MU-specific parameter which demonstrates the sensitivity
of MU ¢ to the reduction in computation task execution energy consumption,
a;; > 0. e, and €, are the prices charged for the MU using the unit computation
resource from the help user m and the MEC server k, respectively. 3, and §f are
severally corresponding cost. f,fz denotes the computation resources allocated
by the MEC server k to MU i.

Since the MUs are rational, they maximize their utilities through making the
offloading decision. In this case where the price set {e,,,e5,m € I,k € N} is
given, the optimization problem for MU ¢ can be formulated as

max U;; te€l,jeMke Nmel
(505057} 3
300 &

N
s.t. Cl: max (ZX{ai,j—k}sz:Tl ) < T
k=1

N
02 o 1max (Z X{(sq‘,,j:—m}TZ],Tl > S CZ—;LIE'aX

m=1

C3: ZX{W: m}+ZX{5k <1

m=1
Cd: X5, ,——my = 10,1}
C5: X5, ,—ky = 10,1}
C6 : fm < flmax
CT:fi" < ™™+ fe

where f¢ is the amount of computation resource bought from the network
operator by MEC server k.

The offloading decision of the MU ¢ not only depends on their own offload-
ing demands, but also on the offloading strategies of other MUs, which makes
Stackelberg game an appropriate approach to model the decision-making pro-
cess. The players in this game are the MUs { N'}. The strategy set for MU 4 can be
expressed as §; = {8, 1, ...s Si,—ms ey Si 15 ey Sijks -y Si,N > Where s; _py = 6; 5 f7,
Sik = 0i; z’i, m € I, k € N. Therefore, the player’s strategic space can be
denoted as s = {s1 X $3 X ... X s7}. Given s_; as the offloading decisions for all
MUs besides MU 4, the utility of MU ¢ can be given as U; ;(s;,5-;), i € 1.

Theorem 1. The computation task offloading game between the MUs is a con-
cave multi-player game with Nash Equilibrium (NE).

Proof. In the case where MU i offloads its computation task to help user m
or MEC server k, as f{™ = [0, f3,""], o8 =10, £ + f¢]. Thus, we have
Si—m = [0, femar] sk = [0, £ + ff], i€ I, m € I, k € N. Replacing f/™,

m
; . . 8%U;. i,iPi,iDi 8 U7.
" by Si—m, Sik in (11), we can obtain szt = — L=l < (), d =

i,—m “i,—m
oy JPL i D

£4 < (. For the given all MUSs’ offloading decisions besides MU i, the

1k
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MU 4’s payoff function U; j(s;, s(—;)) is strictly convex in terms of the variables
Si,—m, Si,k, Which holds for all MUs making offloading decisions. Therefore, the
computation task offloading game between MUs is a strictly concave multi-player
game, which exits a NE [10].

3.3 The Revenue of MEC Servers

As an offloading service provider, the MEC servers sells computation resources
to MUs with the objective of making more profit. Since each of MUs can make
any offloading decisions while meeting the specified computation task process-
ing delay constraints, the MEC servers play the non-cooperative price decisions
game with each other in order to determine the optimal computation resource
price. Therefore, there will be competition between the MEC servers during
the offloading process. In addition, when the MEC servers’ own computation
resources cannot meet the needs of the MUs, the computation resources can be
purchased from the network operator. Since the total amount of available com-
putation resources for the MEC servers affects the revenue of each MEC server,
the amount of computation resources purchased from the network operator is
also the decision of each MEC server in the offloading competition. Consider-
ing that competition is not perfect, each of MEC servers makes its offloading
decision set (ef, ff) based on its own available computation resources and the
offloading demands, k € N.

Since the computation resources from the network operator are often more
expensive than those from the MEC server itself, we have ef >~ €7, & € N.
Therefore, each of MEC servers prefers to employing its own available compu-
tation resources first. Given the decision sets of other MEC servers, the revenue
of employing decision (7, f7) for the MEC server k can be denoted as

Uﬁ@ec ((Ei’ flg) ) (Eik’ fik))
! e, . ! e, e,max (13)
=i Y X, =iy i = Bpmin | Y Fe fr0) —effi
i=1 i=1

Where (s‘i o fE k) is the decision set of MEC servers besides server k. After that,
the revenue optimization problem of the MEC server k can be expressed as

max U ee (€5, £8) (€0 £21))
€S, f
s.t. Cl:ef>¢; keN (14)
C2:fp>0 keN
C3:8,>0 keN

Lemma 1. There exists an upper limit on the selling price of computation
resources for each MEC' server, i.e., e <™, k€ N.
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Proof. For specific computation tasks b; ;, we have U;; = ozm»(Ef-J- -

II;,} L — Llff Dis )—e§ fy" according to (11) when MU i offloads computation task to

the MEC server k. Since the MU 7 is rational, the MU i can ofﬁoad computatlon

tasks to the MEC server k only when U; ; > 0. Let Z; ; = Ef Rk , we can get
e o @iy _ ( ) = @iy ouDig
ef < je (f;f ) Then, let @ IR RICE=S Tk Nextly, we

need to prove that Q ( I Z) has a maximum value in order to prove the existence

of €™, The first derivative of Q (f;’) with regard to f,j’i can be denoted
2Qf) _ G(2/p" =S

b k) = Y + , where V = «;;7; i, G = «; ;L; ;,

Y Torp (fk (S ae R

S = P;L;;. Le¢t H = SV 4+ G, it can be seen that 78%(;2’:) > 0 when
k

H% VOH fe’i < H% VGH Therefore, the function Q( ,fz) has a maximum

value QZ Mm% Taking into account that each of MEC servers is able to offload

computation tasks from any MUs under the processing delay constraints, the
sufficient condition for MEC servers that is capable of selling its computation

1, 2,m: I
resources to the MUs is &f < ep™** = max (Q RN @ k’max), ke N

(The same reason can be proved e, < em®* m € I). Thus, there is an upper
limit for the computation resource selling price of each MEC server.

Lemma 2. There is an upper limit for the amount of computation resources
purchased by each MEC server from network operator, i.e., ff < fi'™**, k € N.

Proof. According to (13), if the resource requirements on the MEC server k are
not exceed its supply capacity, i.e. Z X, 7_k}fk < fo™*, the MEC server k

should not purchase any resources from the network operator so as to maximize
its revenue. Otherwise, (13) can be described as UF,.. ((8¢, f£), (8%, f<)) =

I
52 ;X{&i,j:k}fk ﬁk o — kfk mec ((ﬁIi,fls) ) (ﬂikafik)) Z 0 due to that

I .
R T

= . Since

MEC servers are rational. Hence, we have f; <

Lemma 1 proves the maximum selling price "™, we can get ff < fi™™ =

I .
S X (s, ey P BS
i=1 “J

c
€k

Theorem 2. There exits a Nash equilibrium in the game between the compu-
tation resource price determination and the network operator resource purchase
among the MEC servers.

Proof. For MEC server k, k € I, its price strategy ¢ € (0,e™*] and the
network operator purchase strategy f¢ € (0, fy’ max] according to Lemma 1 and
Lemma 2. Therefore, the spaces of MEC servers’ strategy sets {(e§, f5) ,k € N}
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are convex, nonempty and compact. Moreover, from (13), it can seen that the
revenue function of MEC server k is quasi-concave and continuous in terms of
e, and ff. Hence, the game has a Nash equilibrium [11,12].

3.4 Stackelberg Equilibrium

In the Stackelberg game of MUs computation task offloading process, the leaders
are the MEC servers and the followers are the MUs. The MUs’ equilibrium
strategies in the game are the optimal response to the strategies announced by
the MEC servers. According to (12), given strategy sets of the MEC servers, i.e.,

{(g%, f£) ,k € N}, the equilibrium strategy of MU 1, i.e., (5:‘], e ”), should

meet the following condition:
Ui,j (sfyk,sfﬁk) > Ui,j (siyk,sfﬁk)i S I,] cM (15)

In like manner, the equalization strategies of the MEC server is based on the
optimal strategies for the MUs’ known response. The strategy set (ei*, f¢*) is
an equilibrium strategy of the MEC server k, when

Uﬁzec ((EZ*’ ) (5 kvfc*) (Ek7 k 75 k,fc*))
> Uk

mec ((Ek’flg) ) (€—k7fﬁl) Sk (gkvfkvg k’fi*k)) keN
The game among MUs and the game among MEC servers have Nash Equi-

librium according to Theorem 1 and Theorem 2, separately. Thus, there exists
a Stackelberg Equilibrium in the Stackelberg game [13].

(16)

3.5 Proposed Algorithm

In order to solve the above computation offloading decision, we propose a dis-
tributed algorithm. In the algorithm, each of MEC servers begins by randomly
choosing both the amount of computation resources purchased from network
operator and its computation resource selling price. Taking into consideration
that that each of MEC servers is rational, the price set by MEC server k is
greater than or equal to the computation resource cost. Moreover, there exits an
upper limit €™ for the computation resource selling price of each MEC server.
Therefore, the price of the randomly selected by the MEC server k should be in
the interval 85,7 ™).

Theorem 3. In the case where the MEC server k’s selling price satisfies f; <

ef < e, if the total computation resource demand from the MUs on the MEC
server k is not less than its computation resource capacity upper limit f"™*, fur-
ther lowering the selling price reduces the revenue of the MEC server k, k € N.



104 W. Bai et al.

Algorithm 1. Computation offloading algorithm based on Stackelberg game
(COAS)
1: Initialization:
a)The number of MUs I; the computation task, b; j, i € I,j € M
b)The computation resource of MU i and MEC server k: i fo™* k& N
¢)The network operator computation resource selling price £f;

2: The MEC server k randomly selects its strategy set (g%, f£);

3: Calculate the demand response of MUs;

4: Repeat

5: for MEC server k, k € N do

6: if (ZZ ) X( 7k)fk > fy max) (e < ef) then

7 Use (13) increase strategy to obtain the optimal price €f*;

8: else

9: Get the optimal e* by increasing or decreasing the strategies;
10:  end if

11:  Update the computation resource demands of the MUs;
12:if (ZleX( - ) o< ey > 0) |

(S X o > ) &

(L 1X( oSt FT A f) then

13: o = max (0, Zi:l X(csi,j:k) =4 f,j’max)
14: end if
15: end for

16: Until V (e7*, f5") == (%, fi), k € N.

According to the announced MEC servers’ strategies, MUs are selected by
a random order. By solving (12), each selected MU determines its offloading
decision and the amount of computation resources that it needs to offload its
computation task.

Based on the MUs’ response, each MEC server first adjusts its computation
resource selling price €7, kK € N. After the adjustment, if the demand for MEC
server k still goes beyond its available computation resources, it determines
to purchase more computation resources from the network operator. On the
contrary, the MEC server k reduces f; until ff reaches 0. The MUs responds to
the strategy changes of MEC servers. The MEC servers’ strategies are iteratively
updated until it is unchanged compared with the last iteration

In order to improve the efficiency of the proposed algorithm, some unrealistic
strategies of the MEC server can be left from the iteration, as shown by the
following theorem.
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I
Proof. Since Y X5, —pyfi' > f™, according to (13), we can get U}, =
i=1

mec

) I .
e X s, =k i — Bef ™ — e, (Z f]j’lflj’max). The revenue of VEC server
=1

k which cuts down computation resource price with the decrease 6 is
denoted by U, (e —6). Taking into account that the each of MUs is
rational, the price reduction has attracted more MUs to offload their com-
putation tasks to the MEC server k. Let A denote the increase in the

demand for computation resources from the MUs. Then, we can denote

4 4 4 e, e pe,max
le”fv,ec (62 - 0) as lefmec (62 - 9) = (52 - 0) <;X{6i,j_k}fk7 + )‘> - skfk7 -
I .
et (E X5, =ryp i+ A — ,f’max>. The difference between them can be given
i=1

’ I .
by U’I]:LEC (52 - 0) _U'Zrclec (EZ) = (Ei - 82) A—0 (Zl flj,l + A) As Ei < Ezﬂ we get

UK. (e5 — 0) < UE . (£5). Therefore, the decrease in the selling price £f, reduces

the server k’s revenue.

The specific details of the algorithm we proposed are shown in Algorithm 1.

4 Simulation Results and Discussions

In this section, we evaluate the performance of CORA we proposed algorithm.
We consider a 400 m * 400 m area, where SBSs and MUs are randomly distributed
and the radius of each SBS is set as 100 m. Besides, the channel gain is denoted by
d®, where d is the distance between the SBS and the MU, « represents the path
loss exponent, of which value is —3. Moreover, other main parameter settings
are shown in Table 1 [14,15].

Table 1. The simulation parameters.

Simulation parameters Value

The bandwidth of each Opportunity network channel B | 20 MHz
The bandwidth of each Cellular network channel 40 MHz
The transmission power of the MU P; ; 200 mW
The type of computation task M 5

The maximum delay of the computation task T;;™ [0.2,1.5]s
The computation capacity of the MU fl-l‘max [1,2] GHz
The computation capacity of the MEC server f;™** [8,10] GHz
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Fig. 2. The comparison of MUs utility among CORA, RA and EM

To prove the effectiveness of the CORA proposed solution, we compare its
performance with the other two baseline algorithms as shown in Fig. 2, where
EN and RA denotes Enumeration method and random computation offloading
scheme, respectively. The MU utility of the CORA algorithm is very close to EN,
which should theoretically be the optimal algorithm. However, it should not be
overlooked that EN has very high time complexity compared with the CORA.
The MUSs’ utility of the RA scheme is sometimes higher than EN, sometimes
otherwise, which is because of its randomness. Therefore, CORA can be con-
sidered as the optimal algorithm in terms of both the time complexity and the
utility of the MUs.

To further demonstrate the performance of the CORA algorithm, we com-
pare it to two other computation offloading strategies: Proportional Price and
Dynamic Price. In Fig. 3, the computation offloading system with the propor-
tional price strategy has the lowest benefit. Since the price in this case is directly
proportional to the computation resource cost of the MEC server, it cannot be
dynamically adjusted according to the supply and demand situation. That’s
why these two options get more profit than the proportional price strategy.
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Fig. 3. The overall utility of the MUs with different offloading schemes.

Whereas, due to the limitation of the MEC servers’ computation resource capac-
ity, the revenue obtained by the price scheme without BCS cannot be increased
with the increase of the number of MUs. In our proposed CORA algorithm, when
BCS is used to compensate for insufficient computation resources, the price can
be optimally adjusted. Therefore, compared with the other two offloading strate-
gies, the CORA we proposed can gain the highest utility, whether it is a small
amount or a large number of MUs.

Figure 4 illustrates the impact of BCS computation resource prices on MEC
servers’ revenue as the number of MUs increases. It can be seen that all incomes
in these cases decrease when the computation resource price rises. Due to the
limitation of the MEC server’s computation resource, more computation tasks is
capable of being offloaded to the BCS as the number of MUs increases. Conse-
quently, the revenue with more MUs is more susceptible to the BCS computation
resource and is more likely to decrease as prices increase. Besides, we can find
that when the computation price is 0.9, the revenue of 200 MUs is nearly equal
to the case where the number of MUs is 160. The reason is that there exits an
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Fig. 4. The overall revenues of the MEC servers affected by BCS resource price.

upper limit for MEC servers’ computation resource price according to Lemma 1.
The MEC servers may not buy computation resource from the BCS when its
price becomes high. In addition, due to computation resource constraints, the
number of offloading services for MEC servers is limited. Therefore, in the case
of a high BCS price and a large number of vehicles, the benefits obtained by the
MEC servers are almost the same.

Figure 5 shows convergence of the proposed algorithm in terms of MUSs’
utility and is a perfect proof that the system can reach the NE, which can
further explain that CORA cannot only get close to the optimal result by the
lower time complexity than EM but also it is stable.
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Fig. 5. Convergence of the proposed algorithm

5 Conclusion

In this paper, we design a multi-level computation offloading strategy and con-
sider the heterogeneity of computation tasks and computation resource backup
pool while making offloading decision in multi-access networks. Firstly, the com-
putation offloading model is introduced for each computation strategy. Then the
main problem is formulated as a Stackelberg game problem, and a global opti-
mal algorithm based on game theory with lower time complexity compared with
EM and RA is proposed and the numerical simulation results show the efficiency
and stability of the proposed algorithm. For future work, in order to improve
the performance of the MEC system, we will consider a resource s allocation and
design a more efficient algorithm.
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