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Abstract. The mobile edge computing (MEC) paradigm provides a
promising solution to solve the resource-insufficiency problem in mobile
terminals by offloading computation-intensive and delay-sensitive tasks
to nearby edge nodes. However, pure edge resources can be limited and
insufficient for computational-intensive applications raised by multiple
users, which calls for a hybrid architecture with a centralized cloud server
and multiple edge nodes and smart resource management strategies in
such hybrid environment. The problem is however challenging due to the
distributed nature and intrinsic dynamicness of the environment. Exist-
ing researches in this direction mainly see that edge servers are with
constant performance and consider the offloading decision-making as a
static optimization problem. In this paper, instead, we consider that geo-
graphically distributed edge servers are with time-varying performance
and introduce a dynamic offloading strategy based on a probabilistic
evolutionary game-theoretic framework. To validate our proposed frame-
work, we conduct experimental case studies based on a real-world dataset
of cloud edge resource locations and show that our proposed approach
outperforms traditional ones in terms of multiple metrics.

Keywords: Task offloading · Mobile edge computing · Evolutionary
game theory · Probabilistic QoS

1 Introduction

Due to limited battery power, storage capacity and computational power, mobile
devices face challenges in executing delay-sensitive and resource-hungry complex
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applications such as augmented reality and online gaming. Mobile Edge Com-
puting (MEC) is widely believed as a remedy to alleviate this problem [10,11].
In MEC, the mobile edge is enhanced with analysis and storage capabilities,
possibly by a dense deployment of computational servers or by strengthening
the already-deployed edge entities such as small cell base stations. Therefore,
mobile devices are allowed to offload their computationally expensive tasks to
the edge servers while meeting some specific quality of service (QoS) require-
ments [8]. This process, referred to as computation offloading, is feasible due to
the fact that edge servers are usually deployed near mobile users, specifically in
comparison to the remote cloud servers.

Its challenge lies in that offloading decision can’t be made by using conven-
tional centralized resource allocation schemes, due to the fact that such mecha-
nism requires the availability of global knowledge of status of all involving nodes.
As a result, distributed and autonomous approaches, where the individual mobile
devices and mobile edge servers make autonomous offloading decisions, are in
high need.

For the purpose described above, we develop a novel dynamic offloading app-
roach by using a probabilistic-performance-aware game-theoretic model. Differ-
ent from most existing methods in this direction, our proposed method considers
that geographically distributed edge servers are with time-varying performance
[19] instead of the constant one. To validate the proposed framework, we conduct
experimental case studies based on a real-world dataset of cloud/edge resource
locations. Experimental results clearly suggest that our proposed approach out-
performs traditional ones in terms of multiple metrics.

2 Related Work

As an important theme of mobile edge computing (MEC) [10], mobile task
offloading has attracted a lot of research interests recently. Existing studies can
be classified into two categories in terms of scheduling fashion: online solutions
and offline solutions [4,14,30]. For online solutions, the offloading decision for
every mobile task will be made at once when it arrives. While the offline ones
usually split the continuous-time into discrete time slots, requests which arrive
in the same time slot will be scheduled together at the end of that time slot.

Most of the current studies are offline ones, for example, Chen et al. [8]
formulate the task offloading problem at a certain time slot as a mixed inte-
ger non-linear program in software defined ultra dense network (SD-UDN),
then transform this optimization problem into two sub-problems and develop
a Lagrange-multiplier-based algorithm to solve them. Hosseinzadeh et al. [18]
proposes an ANN-PSO algorithm which combines machine learning and meta-
heuristic algorithm, the behavior model in LTS is divided into two stages to
evaluate the process of service selection and composition, in order to avoid pre-
mature convergence and guarantee the requested QoS factors. Alameddine et
al. [4] define the dynamic task offloading and scheduling (DTOs) problem as a
Mixed Integer Program (MIP), they also propose a novel thoughtful decomposi-
tion based on the technique of the Logic-Based Benders Decomposition to reduce
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the searching space resulted by massive requests. Alfakih et al. [5] proposed an
offloading decision-based state-action-reward-state-action method (OD-SARSA)
to sovle the question of developing an efficient resource management model for
the selected MEC server in a multi-edge network by reducing system cost, includ-
ing energy consumption and computing time delay. Zaw et al. [29] formulate
the resource allocation problem in multi-edge network as a Generalized Nash
Equilibrium Problem (GNEP) and prove the existence and uniqueness of the
game, two distributed algorithms are proposed to update Lagrange Multipliers
on client and MBS respectively. Fantacci et al.[15] establish a matching game
with externalities between the application requested by the IIoT devices and
the ECSs to raise the VRCs placement problem in a hybrid EC-Cloud network
structure for an IIoT scenario. Xia et al. [26] regard the cloud-edge network as
a graph, and propose an optimal approach named EDD-IP based on the Integer
Programming technique to solve the problem of edge data distribution (EDD)
in the edge computing environment. For a large-scale EDD problems, EDD-A
algorithm they proposed could find the approximate solutions effectively.

There are also some studies focus on the online solution of this problem, for
example, Liu et al. [22] and Du et al. [14] assume the task arrivals are i.i.d over
time and their average arrival rates are pre-given. Chen et al. [7] and Xu et al.
[28] consider task arrival follows Poisson process, and random arrival rate is used
capture the time change of task arrival mode at different times. While Zhao et al.
[30] assume the unloading demands of mobile users follow the binomial distribu-
tion of given probability. Based on these assumptions, a local edge double-layer
queuing model is established, and the Lyapunov optimization technique is used
to maintain the stability of the system. Xia et al. [24] considers the arbitrary
arrival time of requests and propose a best-fit-decreasing-based method to yield
offloading decision in real-time. However, their approach is a centralized one.
Xia et al. [27] introduce data migration and data caching technology into task
offloading in the edge environment, model the collaborative edge data caching
problem (CEDC) as a constrained optimization problem, and propose an online
algorithm based on Lyapunov optimization to achieve the goal of saving band-
width cost, reducing network latency and minimizing access costs. Aslanpour
et al. [6] comprehensively discusses the performance and metrics for cloud, fog
and edge computing from multiple perspectives, so as to help researchers identify
appropriate metrics for evaluating performance by analyzing specific scenarios.

3 Modeling and Formulation

3.1 System Model

In this paper, we consider a hybrid environment composed of a macro centralized
cloud server is deployed, and K micro edge nodes. It is assume that the hybrid
environment accomodates N users and each user is allowed to access both the
centralized cloud server or one of the edge ones. The coverage of cloud servers
is usually large enough to cover all users in a certain geographical area. On the
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contrary, edge nodes cover their near-by area, and are weaker than cloud one
in terms of computing power, storage resources and other resource allocation.
According [13], a large area is usually divided into J small service regions with
such that the number of edge servers in each region is nearly equal. Users in each
region form a population, and they have the stationary proportion to adopt the
same strategy under the assumption of bounded-rationality.
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Fig. 1. Edge computing environment example

Figure 1 shows a good example of the hybrid environment described above. In
this example, there exists a centralized cloud server (S0), 6 edge ones (S1 ∼ S6)
and 9 users (U0 ∼ U8). Coverage areas of different edge nodes may overlap and
thus a user may have multiple candidates for task offloading [14]. For example,
U1 can be allocated to S0, S1 or S2. In contrast, U6 can only offload its task to
S0. We partition the area into three regions of the same size (R0 ∼ R2), and two
edge nodes are deployed in each region.

The notation used in this paper is shown in Table 1.

3.2 Computation Model

The tasks offloading time for Ui can be estimated as Ti = Δul
i +Δdl

i +Δbh
i +Δexe

i is
composed of four parts [3], where Δul

i indicates the uplink communication time,
Δdl

i the downlink time, Δbh
i the backhaul link time and Δexe

i the backhaul link
time. According to [9,20], Δbh

i can be infinitesimal, and the downlink time Δdl
i

can usually be a constant ξ. Δul
i and Δexe

i are calculated according to the network
conditions and device performance. Therefore, the Ti can be expressed as:

Ti = t(i, k) = Δul
i + Δdl

i + Δbh
i + Δexe

i

=
bi

wkηk
i

+ ξ +
di
fk

(1)
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Table 1. Key Notations

Notation Description

Sk The kth server

latk, lngk Latitude and longitude of Sk

Rk Coverage radius of Sk

Wk Maximum bandwidth of Sk

Fk Maximum computing power of Sk

Ck
f Unit price for computing of Sk

Ck
t Unit price for communication of Sk

Vk Rent of Sk

numk The number of users who select cloud service on Sk

wk Real-time bandwidth of the cloud service on Sk

fk Real-time computing power of the cloud service on Sk

Ui The ith end-user

lati, lngi Latitude and longitude of Ui

bi Amount of data of Ui’s task

di Number of calculation instructions of Ui’s task

ti The maximum tolerable delay of Ui

ci The maximum tolerable cost of Ui

ai The population to which Ui belongs

dist(i, k) The distance between Ui and Sk

Pj The jth population

where ηk
i = λ/dist(i, k) is decided by the distance between Ui and Sk. As the

distance increases, the bit error rate increases and the average transmission speed
decreases [20]. wk and fk indicate the averaged computing power and averaged
bandwidth of Sk, respectively. fk can be calculated based on its corresponding
historical distribution [19] according to:

fk =
∫ ∞

−∞
Pr(t)tdt. (2)

Acoording (3), monetary cost of Ui comprises three parts, namely the commu-
nication cost, the computation cost, and the fees for renting server. Ck

t and Ck
f

indicate the price per unit transmission rate and the charge per unit computa-
tion resources of Sk, respectively. The rent V rent

k is related to the current load
of the server. If the server is used more efficiently and provides services for more
users, the lower the rent shared by each user.

Ci = c(i, k) = Ccommu
k + Ccompu

k + V rent
k

= Ck
t

bi
wkηk

i

+ Ck
f

di
fk

+
Vk

numk

(3)
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We use USi to represent Ui’s user satisfaction, which can be expressed as the
probability that both offloading time and monetary cost constraints are met [19]:

USi = Pr(Ti ≤ ti) · Pr(Ci ≤ ci) (4)

USPj
represents the satisfaction of the entire population, where numj denotes

the number of users in Pj :

USPj
=

numj∑
i=1

USi (5)

US is the satisfaction of the whole area and it is regarded as the ultimate opti-
mization objective:

US =
J∑

j=1

USPj
(6)

4 Evolutionary Game Formulation

In this section, we first give the evolutionary game formulation for the prob-
lem. Due to the limitation of computation resource and bandwidth resource in
each edge node, end-users in different regions have to compete for resources in
clouds. Based on the replicator dynamics [25], we consider an evolutionary stable
strategy (ESS) for the problem of hybrid-edge-cloud-based task offloading.

4.1 Game Formulation

A normal game includes three factors: the player set, the strategy set, and the
payoff function of every player when choosing a strategy. In the context of an
evolutionary game, the population is utilized to represent the group of players
with the same properties [17]. We introduce the formulation of the evolutionary
game as below:

Players: End-users are denoted as players in the game.

Population: Players are grouped into different populations by geographical
locations. We denote the set of population as {N0,N1, . . . ,NJ}. Players in each
population are all located in the same geographical region.

Strategy: Each player’s strategy refers to the selection of servers. In this game,
there are 1 + K services for players to select. Accordingly, the server selection
strategy can be denoted as K = {0, 1, 2, . . . ,K}, which refers to the selection
of the centralized cloud server and K edge nodes. Sj which notes the server
selection set of Pj is the subset of K.
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Population Share: numk
j denotes the number of end-users who selecting strat-

egy Sk for population Nj . Thus, xk
j = numk

j /numj is population share of Sk in
population Nj , where xk

j ∈ [0, 1].

Population State: The population shares of all servers constitute the popula-
tion state denoted by a vector xj =

[
x0
j , x

1
j , x

2
j , . . . , x

K
j

]
. We have

∑K
k=0 xk

j = 1.
We use a matrix X to denote the population state space which contains all J
population states.

X =

⎛
⎜⎜⎜⎝

x0
0 x1

0 . . . xK
0

x0
1 x1

1 . . . xK
1

...
...

. . .
...

x0
J−1 x1

J−1 . . . xK
J−1

⎞
⎟⎟⎟⎠ (7)

Payoff: The payoff of a player is decided by its net utility function. The net
utility function is based on (4).

πk
j (i) = Pr(Ti ≤ ti) · Pr(Ci ≤ ci) (8)

4.2 Evolutionary Stable Strategy (ESS)

In a traditional game theory, all players can achieve a stable state where no
player can further obtain extra benefit by unilaterally changing its strategy.
Such a state is called Nash equilibrium (NE). In this work, we call the game Γ
as the game of service selection, where N is the player set, S = {s1, s2, . . . , sN}
is the strategy set of all players, and Π = {π1, π2, . . . , πN} is the set of payoff
function. Let S−i= {s1, . . . , si−1, si+1, . . . , sN} be a strategy profile of all players
except player i, and π(si, s−i) is set to be the payoff function of player i when this
player selects the strategy si while others select s−i. Then, the corresponding
Nash equilibrium can be defined as below.

Definition 1. A Nash equilibrium (NE) of a strategic game Γ =< N,S,Π >
is a profile s∗ ∈ S of actions with the property that for every player i ∈ N we
have:

π(si, s∗
−i) ≤ π(s∗

i , s
∗
−i),∀si ∈ S (9)

The Nash equilibrium has a property of self-reinforcement that each player
has no motivation to deviate from this equilibrium. The general solution to
obtain the Nash equilibrium is on the assumption of complete rationality among
all players. However, with a small perturbation, all players may change their
strategies to reach another Nash equilibrium. In an evolutionary game theory
[17], an equilibrium strategy is adopted among players with bounded rationality,
which can resist small disturbances. This equilibrium strategy is called ESS and
is defined as below.
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Definition 2. A strategy profile S
∗ = {s∗

1, s
∗
2, . . . , s

∗
N} is an ESS iff

∀si /∈ S
∗, s−i �= s∗

−i:

1. π(si, s∗
−i) < π(s∗

i , s
∗
−i)

2. π(si, s∗
−i) = π(s∗

i , s
∗
−i), π(si, s−i) < π(s∗

i .s−i)
(10)

Compared with Nash equilibrium, the condition (1) of Definition 2 ensures
that ESS is a Nash equilibrium (NE). The condition (2) of Definition 2 ensures
the stability of the game process. During the process of strategy evolution,
players using mutation strategy will decrease until all players in the popula-
tion asymptotically approach to the ESS. In our problem, end-users adapt their
strategies among a finite set of strategies to get a better payoff. In each time,
each end-user can have his/her own strategy set and the information of average
payoff in the same population. Each end-user can repeatedly evolve his/her strat-
egy over time for the cloud service selection. After sufficient repetitive stages, all
end-users’ strategy profile approaches to an ESS. The process of this strategy
replication can be modeled by replicator dynamics, which is described in the
next section.

4.3 Replicator Dynamics

In the dynamic evolutionary game [12], replicator dynamics provides a method
to acquire the population information of others and converges towards an equi-
librium selection. It is also significant to investigate the speed of convergence of
strategy adaptation to reach evolutionary equilibrium (EE) that the population
will not change its selection [23]. The basic idea is that in a population of players
with bounded rationality, strategy with better results than average level will be
gradually adopted by more players, and the proportion of players’ strategies will
change consequently. It is given as below:

ẋk
j (t) = δxk

j (t)[π
k
j (t) − π̄j(t)] (11)

where δ is used to control the convergence speed of strategy adaption for
players in the same population. πk

j (t) is the current payoff of the individuals
choosing strategy k in Pj , π̄j(t) is the average payoff of Nj . The growth rate
ẋk
j (t) is relevant to the difference between the payoff πk

j (t) for that selection
strategy and the population’s average payoff π̄k

j (t) as well as the current size
of population share πk

j (t). The average payoff π̄j(t) of the population can be
derived as:

π̄j(t) =
K∑

k=0

xk
j (t)π

k
j (t) (12)

Based on the replicator dynamics of strategy selection in Pj , the number of
end-users that choose the strategy s has a positive growth trend in the population
if their payoff is above the average payoff in the same population. Through setting
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Algorithm 1. Evolutionary Game Algorithm
Input: N : number of end-users; K : number of servers; J : number of populations;

ε : error factor.
Output: X

∗
j : The ESS of Pj

1: Initialize: bi, di, ti, ci, Wk, Fk, Vk, Rk, Ck
f , Ck

t , λ, ξ, δ
2: t ← 0
3: X

∗
j ← 0, ∀j ∈ J

4: Each player determines its available server set as the strategy set Si based on its
location information

5: Each player randomly selects server k from its strategy set Si

6: Each servers acquires nk and allocates wk and fk.
7: All servers calculate the resources they have allocated and send the information to

the players.
8: Player calculates revenue πk

j based on information returned by the servers
9: The server collects the revenue πk

j returned by the players and calculates the π̄j

10: while |πk
j − π̄j | ≥ ε do

11: Each population computes ẋk
j ,and update xk

j = xk
j + ẋk

j

12: update Xj

13: Player calculates revenue πk
j based on information of Xj .

14: The server collects the revenue πk
j returned by the players and calculates the

π̄j

15: Plays change their strategies with probability δ, when their payoff is less than
the average payoff in the same population.

16: Update t = t + τ
17: end while

∑
k ẋk

j (t) = 0, we can get the fixed point of the replicator dynamics, in which the
population state will not change and no player is willing to change its strategy
since all players in the same population have the same payoff.

The algorithm based on replicator dynamics is described as:

5 Experimental Evaluation

To validate our proposed method, we carry out simulative experiments based
on the Edge User Allocation (EUA) dataset [16] for positions of cloud servers
and end-users, and a dataset of [32] for the performance of cloud servers. Figure
2 shows that the area contains 200 end-users, 1 centralized cloud server and
12 edge servers. The servers are marked red. End-users of the same population
share the same color.

As for the performance data for the centralized cloud, we test a typical third-
party commercial cloud service, i.e., Tencent cloud [2]. Figures 3 and 4 show its
measured thoughput and computing performance (in terms of MIPS, i.e., Million
Instructions Per Second) of the centralized cloud, and these data are partitioned
into 24 consecutive windows [1].
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Fig. 2. Geographical distribution of experimental data

Fig. 3. Throughput for the centralized cloud

Fig. 4. MIPS for the centralized cloud
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We compare our proposed method with three existing ones: Greedy [31],
Genetic Algorithm (GA) [21], and Nash-based Game [9].

Greedy. Greedy algorithm refers to the algorithm that takes the best or optimal
choice in each step when solving a problem, hoping to lead to the best or optimal
algorithm. In this environment, each player chooses the server that can bring
the highest US to offload based on the current resource allocation, regardless of
whether other player’s strategy changes will affect his next strategy selection.

Genetic Algorithm (GA). GA is a method to find the optimal solution by sim-
ulating the natural evolution process. We encode the players’ strategy selection,
get new populations through crossover and mutation, and then select through
Roulette Wheel Selection.

Nash-Based Game. Game theory is another distributed algorithm based on
Nash equilibrium, called Nash-based, which treats tasks equally without consid-
ering dynamically allocating computation resources to different types.

As can be seen from Figs. 5, 6, 7 and 8: 1) our method beats its peers at
all 24 windows in terms of total user satisfaction, i.e., US; 2) our method and
Nash-based Game outperform others in terms monetary cost and our method
shows more stable advantage, fewer iteration rounds, and offloading time than
Nash-based Game through all windows.

Fig. 5. Comparison of total user satisfaction at different windows

In this part, we compare the convergence of two game theory algorithms for
the population after mutation. First of all, the population reached EE 1. After
five iterations, a small number of users in the population will mutate randomly,
showing that the size of user tasks changes, and the tolerable delay and cost will
also change. After the mutation, the population readjust the offloading strategy
to reach EE 2. The number of iterations to reach the new EE is taken as a
measure of the population’s convergence under a certain game theory strategy.
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Fig. 6. Comparison of monetary cost at different windows

Fig. 7. Comparison of offloading time at different windows

Fig. 8. Comparison of iterations at different windows

As shown in Fig. 10, players need to go through 10 iterations to reach new EE
after mutation by using traditional game theory algorithm, while evolutionary
game algorithm (our method) only needs one iteration to reach new EE in Fig. 9.
Experimental results clearly suggest that our proposed approach outperforms
traditional ones in terms of Anti-interference ability.
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Fig. 9. Convergence of evolutionary game.

Fig. 10. Convergence of Nash-based game.

6 Conclusion

In this paper, we study the offloading problem for the cloud-edge-hybrid archi-
tecture and assume that geographically distributed edge servers are with fluc-
tuating real-time performance. We develop a dynamic offloading strategy based
on a probabilistic evolutionary game-theoretic model. For the model validation
purpose, we test our method against other existing ones through simulations
based on a well-known dataset of cloud/edge resource locations. It’s clear to see
that our proposed approach outperforms its peers in terms of multiple metrics.

In the future, we plan to carry out the following work: 1) We plan to con-
sider the mobility of users and edge nodes, and study the strategy of multi-user
task online offloading under irregular trajectory; 2) we intend to introduce a
performance prediction model based on time series and neural network, and
use trajectory prediction information and performance prediction information
to drive the multi-user task offloading decision-making model; 3) We plan to
consider the impact of task failure and transmission failure on task offloading
under untrusted communication conditions, and design fault tolerant and fault-
tolerant multi-user task offloading strategies and algorithms; 4) etc.

Acknowledgement. This work is supported in part by the Graduate Scientific
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CYS20066), and the Fundamental Research Funds for the Central Universities (China)
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