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Abstract. The Mobile Edge Computing (MEC) is a very novel technology in
the social network. In order to satisfy the users’ delay and enhance data security
and reduce energy consumption of the system. In this paper, we design an
optimized strategy of edge servers chosen by reinforcement learning (AI algo-
rithm) for resource consumption of multi-edge server. We transform the objective
function into a convex optimization problem for the single edge server, and give
proofs. In this scenario, it is made up of multi-users with multi-tasks and the same
type of edge servers deployed on the edge of the base stations, the edge servers
allocate computing resources to users. Meanwhile, the users send different tasks
to the edge servers to complete computing tasks. In order to complete users’
requirements under their delay-bounded, we design an optimal path algorithm
named Betweenness Centrality Algorithm (BCA) to reduce the transmission
delay and we use Fuzzy Logical algorithm to classify computing tasks. We
propose a resource allocation mechanism under satisfying delay-bounded.
Finally, comparing to the random selected strategy and other schemes, we prove
the effectiveness of the introduced algorithm, which reduces the energy con-
sumption by 20% approximately for the single edge server, and the simulation
proves that the Double Deep Q-learning (Double DQN) algorithm shows better
performance than Random Selected Strategy for the multi-edge servers.

Keywords: Mobile edge computing � Energy consumption �
Reinforcement learning � Convex approximation � Tasking scheduling

1 Introduction

With the development of 5G technology and the popularity of the intelligent terminals,
kinds of application services come into being. Meanwhile, users are stricter in the
service quality and delay for requesting. In the case of smart devices with AI, Cartner
predicts that the number of smart devices supporting AI will increase from 10% in
2017 to 80% in 2020, it is obvious that smart mobile devices will become the one of the
most popular artificial intelligence platform in the world [1]. In December 2017,
Google launched android 8.1 which support the Neural Network API(NNAPI), it
provides faster hardware computing ability for machine learning [2]. To serve the
delay-sensitive applications, the Mobile Edge Computing (MEC) architecture has been
proposed. In MEC, edge servers will be addressed locally, and are consequently more
efficient in delay-sensitive applications.
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MEC is a distributed cloud system, which refers to the deployment of computing
resources at the edge network [3]. Because mobile devices are short in the resource
computing, the terminal device hands over some or all computing tasks to the cloud,
the mobile device decides how to offload, how much to offload and what to offload. The
resource allocation focuses on how to allocate resources after offloading. In fact, the
MEC can be regarded as a cloud service platform which is running on the edge
network. By deploying resources such as computing, storage, networking and com-
munications at the edge of the mobile network [4]. To better satisfy the users’ delay, we
get the lower energy consumption, the link selection and computing cost are suggested
to be jointly scheduled [5].

There are some recent papers about the optimization of the computing cost in the
MEC system. In [6], the authors study ways to minimum the delay of users in the MEC
system by joint optimization of tasks scheduling and resource allocation. In [7], authors
propose an online algorithm that decides the local execution and computation
offloading policy is developed based on Lyapunov optimization. This method opti-
mizes the power consumption of edge servers. In [8], the authors consider a scenario of
Vehicular Edge Computing (VEC), they adopt a Stackelberg game theoretic approach
to design an optimal multilevel offloading scheme, which maximizes the utilities of
both the vehicles and the computing servers. In [9], the authors study the offloading and
auto-scaling in MEC system. They propose an efficient reinforcement learning-based
resource management algorithm, which learns on-the-fly the optimal policy of dynamic
workload to minimize the long-term system cost. In [10], the authors present a novel
framework for offloading computation tasks, from a user device to a server hosted in
the mobile edge (ME) with highest CPU availability. In [11] and [12], in order to
jointly computation offloading and content caching strategies, the authors transform the
original problem into a convex problem and find the optimal solution of approximated
problem. In [13], the authors provide an architecture of centralized cloud and dis-
tributed MEC over hybrid fiber-wireless network in MEC system, which has the fea-
tures of supporting diverse network techniques, easy expansibility, high capacity and
reliability, low latency and energy consumption. They solve the question by an
approximation collaborative computation offloading scheme. They consider the
shortcomings of single networking mode, high congestion, high latency and energy
consumption, but the proposed algorithms are hard to be implemented.

In this paper, we study into how the tasks route to destinations and how the
computation resource in the edge server is allocated to users. Considering the limited
resource utilization of edge servers and the data-offloaded with bounded delay
requirements, so how to utilize the resource of edge servers needs to be paid attention.
If an edge server’s tasks are too much in a period of time, it will perform a terrible
effectiveness. We propose the data route scheme that users can chose a better path to
upload data and the chosen edge server offloads data through the same path, this
scheme undoubtedly produces collision, so we solve this problem by RTS/CTS
scheme. When a user wants to upload data to an edge server through several base
stations, the user sends RTS to the first base station, if the base station is idle, it will
send CTS to user, if not, it will not send. If a base station sends RTS to another, if it
doesn’t receive the ACK, data will be stored in the cache. In fact, collision is an event
with probability, so we use Free Path Distribution to minimum the collision in a period
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of time [14]. However, if all the edge servers are available, the edge servers allocate
more computing resources to the tasks with delay bounds, and users can upload more
data to edge servers. Meanwhile, other users maybe have the same result that this user
want to get, the base station is only as a forwarding role without edge server, through
this way, we can save computing consumptions. It is obvious that computing con-
sumption is much than link consumption. We assume that this method obeys an
exponential distribution. So far, we solve the link consumption successfully. As for the
computing cost, for an edge server, different users with different sizes of data associate
the edge server, we can analogy a M/M/1 queuing system. The computing ability of an
edge server is directly related to the performance of CPU, we assume that every edge
server has the same CPU ability. The MEC system includes multiple users, multiple
base stations with edge servers and same base stations without edge servers. Our goal is
to minimum the energy cost for the all MEC system [12].

The rest of paper is organized as follows. Section 2 introduces the system model
and formulation. In Sect. 3, we study the multiple tasks scheduling schemes for single
edge server. In Sect. 4, we study the multiple tasks scheduling for the MEC system. In
Sect. 5, we express the Double Deep Q-learning algorithm. In Sect. 6, we show the
numerical result through our analysis, and we display the relationship between bounded
delay and energy consumption. We conclude in Sect. 7.

2 System Model and Formulation

We consider that a MEC system include multiple users, base stations with computing
ability and base stations without computing ability, users communicate with base sta-
tions by wireless, in other words, the MEC system is a wireless network. When the
computing task is done, the results are sent to users. The MEC system is shown in Fig. 1.

Fig. 1. System model includes that users, base stations with edge servers and base station
without edge servers.
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2.1 Deployment Model

In this paper, there are M base stations which make up a set a = 1; 2; . . .Mf g, we
assume that the number of base stations is larger than the number of edge servers, there
are K edge servers in MEC system, which make up a set b = 1; 2; . . .Kf g, and there are
N users in a MEC system, which make up a set c = 1; 2; . . .Nf g. We apply the optimal
path algorithm to help user find destination. During transmission, if path only has one
hop, we use direct transmission strategy. As long as the count of hop is greater than 1,
we take Betweenness centrality algorithm to get the better path routing.

The scheme can be displayed through connected undirected graph GðV ;EÞ. For all
the base station network, we assume that bi is the i-th sensor, PðbiÞ denoted the
probability of graph.

PðbiÞ ¼ 1
z

Y

i2cG
/iðbiÞ ð1Þ

Through the Hammersley-Clifford Theorem, the probability of graph can be
expressed as the product of the potential functions, which defined on all the largest
group for a graph. cG denotes the set of the largest group, z ¼ P

b
Q
i2cG

/iðbiÞ denotes
normalized constant. /i denotes the potential function of graph.

Proof: Because the sensors are dynamic in a graph, and the path selection only related
to the previous path, so this scenario satisfies Markov random field model, so we use
BCA to select a node named observation vertex, other two nodes are independent in a
condition. In other words, anyone node in a graph satisfy:

PðXijXGniÞ ¼ PðXijXNiÞ ð2Þ

XGni denotes all the nodes except for i, XNi denotes all vertices connected to Xi. The
formulation is another definition.

2.2 Transmission Model

For an edge server, we assume that li bits are transferred in a period of time, and we
assume that Xt;i denotes that the i-th base station delivers data to the next base station or
user in a period of time. We assume that collision obeys Free Path Distribution. The
probability of a collision between Xt;i and Xt;i þ dXt;i is as follows.

Pt;iðXÞ ¼ expð�X

k
Þ ð3Þ

k denotes the average time between two collisions. We can get a conclusion that the
probability obeys the exponential distribution.
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As for a MEC system, the smaller probability of collision, the better. From the
perspective of the edge servers, we assume the energy consumption of receiving data in
a period of time is as follows:

ri ¼ eelec � li ð4Þ

and the energy consumption of sending data in a period of time is as follows:

si ¼ ri þ eamp � li � Ta ð5Þ

In formulation (4) and (5), eelec denotes electric consumption for every bit, and eamp
denotes amplifier’s gain consumption while sending a single bit, and T denotes that the
distance from the users to the edge server, a denotes that the index of path loss.

During the data transmission, we assume N tasks will be sent in a slot time, so the
SINR (Signal to Interference plus Noise Ratio) of the i-th task is as follows:

riðtÞ ¼ pigiðtÞ
PM

m¼1;m 6¼i
pmgmðtÞþ dt

ð6Þ

In formulation (6), pi denotes the power of i-th task, giðtÞ denotes the i-th task’s
power gain in the t slot time, pm denotes the m-th task’s power, and gmðtÞ denotes the
m-th task’s power gain in the t slot time, dt denotes white Gaussian noise. So the i-th
task’s transmission rate is as follows:

viðtÞ ¼ xi log2ð1þ riðtÞÞ; 8i 2 c; j 2 b ð7Þ

In formulation (7), xi denotes the i-th task’s bandwidth.

2.3 Edge Computing Model

In computing tasks of edge servers, the most consumed is resource of CPU [15]. The
processing ability for each CPU is directly related to the efficiency. In other words, the
more resource of CPU, the faster processing efficiency, and the more users satisfy the
minimum delay. However, the resource for every CPU is limited, and the size of data is
usually different. We assume that an edge server receives p tasks in a period of time,
which makes up a set p ¼ 1; 2. . .Nf g, and every edge server receives different size of
task because of the size of task is rand, so we introduce Fuzzy logical algorithm to help
solve. There are K edge servers, every edge server has bounded resource, we assume
the bounded resource is cmax for every edge server. The energy consumption for the i-th
edge server follows the model:

cj ¼
XN

i¼1

fuzzyðpi;jÞ � ci;j ð8Þ
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In formulation (8), ci;j denotes the unit resource consumption of the i-th task from
the i-th user to the j-th base station. So the i-th task’s transmission rate is as follows:

ttransi ¼ pi
viðtÞ ð9Þ

Except for the transmission delay, the computing delay and the waiting time are
also not ignored, we assume the concurrency value of one server is #, the computing
delay is as follows:

tcopti ¼ pi
#� QPS

ð10Þ

In the above formulation, QPS denotes the unit computing ability.
We assume that the arrival rate of tasks is eiðtÞ, the unit computing ability is cjðtÞ,

so we can get the average waiting time by Queue theory:

twaiti ¼ eiðtÞ
cjðtÞðcjðtÞ � eiðtÞÞ ð11Þ

After discussing the delay of users, we can define the delay-bounded:

tc;k ¼ 2� ttransk þ tcoptk + twaitk ; 8k 2 c ð12Þ

2.4 Problem Formulation

We assume that consumption among base stations is the same, lcos t denotes the link
consumption, tk;max denotes the maximum delay tolerance. The link consumption for
every segment is the same, in other words, we ignore the subtle difference about
different link distance, our optimized goal can be written in the following form, which
minimizes the cost in MEC system.

min
P
i2b

ci þ
P
j2a

lcos tj

s:t: ci � cmax; 8i 2 b
tc;k � tk;max; 8k 2 c

ð13Þ

3 Tasks Scheduling for the Single-Server

For the i-th base station with edge server, the optimization objective is
P
i2b

ci þ
P
j2a

lcos tj .

In this part, we study into how the tasks of users should be scheduled so that the object
is minimized.
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3.1 Data Transmission

In this scenario, a user transfer data to edge server through several base stations. In
other words, data is sent from one base station to another base station. Under this
circumstance, probability of no collision is 1�Pt;i, we assume that the delay-bounded is
Ti, the number of total segments is n ¼ Ti

Xt;i
. To guarantee to transfer successfully, the

probability of transfer successfully can be written exponential distribution:

Psu ¼ ð1� PðXt;iÞÞ � expðnÞ ð14Þ

Proof: In order to ensure that data is transferred successfully between base stations, it is
necessary to ensure that data is transferred successfully in each segment.

Psu ¼ ð1� PðXt;iÞÞn
¼ expðlogð1� PðXt;iÞÞnÞ
¼ ð1� PðXt;iÞÞ � expðnÞ

3.2 Computing Consumption

Through our analysis, as for the computing consumption, the size of data is not suitable
by Fuzzy algorithm [16]. We introduce the computing time of queuing theory (M/M/1),
we assume that the computing time obeys the exponential distribution. The energy
consumption for computing is as follows:

cj ¼
XN

i¼1

fuzzyðpi;jÞ � ci;j ð15Þ

We convert data capacity to computing time, in other words, xt;i denotes that i-th
base station’s unit computing consumption in a t slot time.

Proof: according to the queuing theory, processing time obeys exponential distribution,
so the time is as follows:

Fðxt;iÞ ¼ 1� expð�ðpi;j � ki;jÞxt;iÞ

) xt;i ¼ lnð1�Fðxi;jÞÞ
ki;j�pi;j

, because Fðxt;iÞ[ 1, we can get xt;i [ 0.

Because Fðxt;iÞ obeys the exponential distribution, it is obvious that Fðxt;iÞ[ 1 is
always established.

3.3 Optimization Energy Consumption

In a MEC system, if a user requires data to an edge server, it is likely that the edge
server gets data from other users [17]. We assume that not all data is computed by edge
server, in a period of time, we can optimize the energy consumption.

230 L. Zhou et al.



min ki;j � ci þðki � ki;jÞ � lcos t ð16Þ

In formulation (16), we can get a conclusion that when data from users is too big,
edge server can get some advice from other users, and it is a concave optimization
problem.

Proof: as for the formulation (11), we can get the derivative of the ki;j. If we want to get
the solution of derivation.

@F
@ki;j

¼ 0

From computing consumption and link cost, the equation has a solution or not is
related to the probability Psu, so we can find a suitable probability to change into a
concave problem.

4 Tasks Scheduling for Multi-servers

In a MEC system, multi-edge servers need to jointly schedule to complete the com-
puting tasks [18]. By our analysis and the model of the queuing theory, some data
needs to be computed by edge servers and others can be got from other users, this is our
goal to get the optimization of this problem.

4.1 Computing Consumption Analysis

For the multi-edge servers and multi-tasks, we can’t get a valid scheme by transforming
concave function. Thanking of the delay-bounded of users and the computing capacity
of edge servers, we design an edge server selected scheme. We import a binary vari-
ance to complete the work of selecting which edge server to compute and define
f i ¼ 0; 1f g. When an edge server is chosen, the tasks will be offloaded through the path
designed by BCA to the edge server. The mathematic model is defined as follows:

min
f ðjÞ

XM

j¼1

fj � cj; 8j 2 a ð17Þ

4.2 Bounded Delay for Users

In the actual MEC network, some important data usually be stored in the cache or the
remote cloud, when the amount of data is increasing, the early data in the cache will be
deleted because the space of cache is limited, we assume that the base stations with
edge server or not is a probability event [19]. We can see it that this probability obeys
Gaussian distribution, and it is very likely that users can obtain data through other users
within a certain period of time, so the delay-bounded of users is redefined as follows:
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tc;k ¼ 2� ttransk þ jtðtcoptk + twaitk Þ; 8k 2 c ð18Þ

In the above formulation, jt denotes Gaussian distribution in t slot time.

4.3 Energy Consumption for MEC System

In this paper, our final optimized goal is minimizing energy consumption for all the
MEC system. However, we should satisfy the bounded delay of users, so for all the
MEC system, we assume the number of edge servers is K, the number of base stations
is M. we define that all the energy consumption includes the computing consumption
and link consumption. After receiving inspiration from queuing theory, we get the final
option of energy consumption.

min
P
i2b

P
j2a

fj � ðci þ lcos tjÞ
s:t: fj 2 f0; 1g

ci � cmax; 8i 2 b
tc;k � tk;max; 8k 2 c

ð19Þ

For the above formulation, it is a non-linear math model, so we can’t get a good
result within limited time, so we use AI algorithm to solve this model and get a good
strategy. Because we can’t get any information about transport channel, so we use the
Double Deep Q-learning algorithm that no need training sample.

5 Double DQN Analysis

In this paper, we use the Double DQN algorithm to solve the non-linear mathematic
model. The core of this algorithm is that agent interact with environment, by learning
YQ
t value to update the last true value to get the optimized result. the YQ

t is defined as
follows:

YQ
t ¼ Rtþ 1ðs; aÞþ cQðstþ 1; argminQ

a
ðstþ 1; a; htÞ; htÞ ð20Þ

The double Q-learning error can be written as:

YDQ
t ¼ Rtþ 1ðs; aÞþ cQðstþ 1; argminQ

a
ðstþ 1; a; htÞ; h0

tÞ ð21Þ

In above formulation, Rtþ 1ðs; aÞ denotes that when adapting action a and state s,
the system’s reward, c denotes penalty factor, ht denotes a parameter updating the main
network, and h

0
t denotes a parameter updating the target network. The algorithm flow

chart is as follows (Table 1):
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6 Numerical Results

In this part, the numerical results are simulated to show the optimization, we consider
the data about some people’s behaviors from RAWDAD, which is a community
resource for archiving wireless data at Dartmouth. In Fig. 2, the x-axis denotes the
bounded delay of people from RAWDAD, and y-axis denotes satisfied requirement, in
other words, the number or rate of the satisfied people in a period of time, from Fig. 1,
we can get that the delay between 0.1 s and 3 s. So we set the range of bounded delay
from 0.1 s to 3 s. For the base station, the arrival rates of data ki 2 ½0; 30�, the range of
tasks from 10 to 50, and the sizes of the tasks obeys the Gaussian Fuzzy, the mean
value is 0, and the variance is 0.1.

In Fig. 2, the relationship between the satisfied requirement that the satisfied or
successful rate of requirement and the delay of the users. We can get some conclusions
from it, the data is from the RAWDAD, and the most delays of the users are under 3 s,

Table 1. Algorithm flow chart

input number of iteration, dimension of state, action, step, penalty factor, target and 
main network, frequency updating.
output: Q value
for i,..T, do:
get the state’s eigenvector φ( )s ;
get Q-value of all the state, using greedy algorithm to choose action A;
execute action A, get new state 's ’s eigenvector φ '( )s and reward R; 
update the state set;
calculating target Q-value using samples ;
updating all the parameters in Q-network;
updating the target parameters every C steps;
end for;

Fig. 2. The satisfied requirement under different delays
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so we assume that the delay between 0.1 s and 3 s can get better results. If the delay is
bigger than 3 s, we assume that the high rate of people cannot stand. And we can learn
that the satisfied rate focus on under 2 s. The data of MEC can help us the work for the
simulation, and we can make the goal well done under the conference of the data.

In Fig. 3, the performance of four sides are compared in single-edge server. In the
figure, x-axis denotes the number of tasks, which stand for the size of the queue, and y-
axis denotes the rate of the computing consumption for the edge servers, which is set
that the total rate is 1. When the data is required firstly, we assume that the most results
should be got from the edge servers, and when the Poisson stream is large, we assume
that some data can be got from edge servers and others can be got from other users. On
the whole, the different side with different size is linear growth but multiple growth
approximately, which proves that the optimization has a better performance. Under the
bounded delay for users, we can get several conclusions from the figure. Firstly, for
every trend of curve, the gradient is decreasing slowly, which proves that as the tasks
are increasing, the relative computing consumption is reduced. Secondly, we can
compare computing consumption under the different sides, we can get result that the
algorithm improves 20% approximately. Finally, the algorithm can give us the better
results from our analysis. For multi-tasks and multi-edge servers, we design the DDQN
algorithm to solve, the result about multi-edge servers is as follows.

Fig. 3. The computing consumption under the number of tasks, which is compared in different
delay and the Poisson stream.

Fig. 4. Under different penalty factor, the trend of the Q-value.
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In Fig. 4, the penalty factor is from 0.7 to 0.9, the x-axis denotes the step of training
and the y-axis denotes the trend of the Q-value, the Q-value can be convergent in a
range, but different penalty factor has different speed of convergence. From Fig. 4, we
can get when the penalty factor is 0.7, Q-value has a better convergence.

In Fig. 5, the learning rates we chosen are 1e–2, 1e–4 and 1e–6, the performance
for the trend of Q-value is easily gotten that the good convergence. Comparing to the
three learning rates, when equaling with 1e–2, the performance of convergence is best.
We confirmed validation by comparing with Random Selection Scheme. the Fig. 6 is
showed as follows.

In Fig. 6, the DDQN algorithm is compared with Random Selection Algorithm
(RSA), the two algorithm respectively corresponds Fig. 6(a) and (b). The x-axis
denotes the number of training, and y-axis denotes the different cost between the two
algorithms. From above results, Firstly, we add the number of the base stations with the
edge servers, the average computing consumption will decrease. Secondly, from the
performance, we can get that the speed of the DDQN’s convergence is obviously better
than RSA. Finally, the energy consumption of DDQN is one magnitude lower than
RSA, which based on the energy analysis.

Fig. 5. Under different learning rate, the trend of the Q-value.

Fig. 6. Under different scheme, different scheme shows different validation and confirms
Double DQN’s effectiveness in this paper.
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7 Conclusions

In this work, we consider the mobile computing for edge servers and the delay of users
in a scenario in which some base stations with edge servers and others without edge
servers. By jointly scheduling tasks to the base stations with edge servers, we optimize
a MEC system so that the cost of link and computing resource. By solving the prob-
lems, we can get several conclusions. Firstly, in the MEC system, we should consider
the users who are strict with the bounded delay. Secondly, we should choose the near
neighbors to communicate and transfer what a user need. Thirdly, when the time of
communication is larger, the edge servers should first find data from other users.
Finally, for a certain MEC system, the number of the tasks scheduling is related to the
number of the edge servers, but not absolutely. If we consider the number of the edge
servers, we believe that the result will be better.
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