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Abstract. The rapid development of the fifth generation (5G) promotes
a variety of new applications, which will pose a huge challenge to the
computing resources of networks. Computing networks is a promising
technology, which can provide ubiquitous computing resources for appli-
cations in 5G. However, resource optimization in computing networks is
still an open problem. In this paper, we propose a novel resource allo-
cation framework for computing networks to investigate the energy con-
sumption minimization problem in terms of delay constraint. To tackle
the problem, we propose a dynamic task scheduling and resource alloca-
tion algorithm to utilizing the Lyapunov optimization method, which
doesn’t need to know any prior knowledge of networks. In order to
reduce the complexity of solving the problem, we decompose the origi-
nal problem into several sub-problem to solve. Particulary, the solutions
of transmit power and subcarrier assignment are obtained by using the
Lagrangian dual decomposition method. The solutions of computation
time, postponing time, and CPU-cycle frequency are achieved in the
closed form. Simulation results show that the performance of the pro-
posed algorithms and can achieve the tradeoff between the average delay
and the average energy consumption.
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1 Introduction

The fifth-generation (5G) network is paramount for supporting a multitude of
emerging applications that require rich data communication in both directions,
such as artificial intelligence (AI) [1,2] and virtual reality (VR) [3,4]. This is
because it has the considerable capability to deliver high bandwidth and speed
to enable high-reliability and rich two-way communication of high-volume data
and high-definition video. Particularly, 5G technology creates enormous oppor-
tunities for the Internet of vehicles (IoV). With the rapid advancements of
autonomous driving, the demand for computing power in the IoV services and
applications has increased sharply.

Nevertheless, the proliferation of computing performance in 5G needs to be
accelerated to keep up with these emerging applications that consume consid-
erable amount of computing power [5]. Consequently, cloud computing [6] has
become a popular paradigm aiming at providing on-demand availability of data
storage and computing power [7]. Even though cloud computing has made data
processing to be much more efficient, a major limitation is that it can cause
large communication delay since the cloud center might be far away from users’
devices [8].

As a more efficient alternative computing framework, Multi-access edge com-
puting (MEC) is introduced to address the concern of communication latency
[9–13], which has received widespread attention from both academia and indus-
tries. In terms of academic research, recent works studied multiple deployment
approaches [14], joint radio-and-computational resource management [15], and
applications which could take advantage of MEC [16–18]. In the industry side,
several MEC based architectures have been developed, such as ThinkAir [19]
and EdgeGallery [20].

In fact, how to achieve efficient computing power allocation and collabo-
ration remains to be a big challenge in the deployment of MEC. To address
this challenge, we aim of establishing deep integration between MEC and net-
working, i.e., building the Multi-access edge computing networks (MECN). The
concept of a MECN is to use a ubiquitous network to connect distributed hetero-
geneous computational power, and provide personalized computational services
for diverse upper layer services through unified management and on-demand
scheduling [5,21]. However, the research on computing networks is still in early
stage.

In this paper, we focus on jointly optimize transmit power, subcarrier assign-
ment, computation time, postponing time, and CPU-cycle frequency to minimize
the average energy consumption of the MEC-enabled computing networks. By
using the Lyapunov optimization method, we develop a dynamic resource allo-
cation algorithm to solve the minimum problem.

The main contributions of the paper are as follows:
– We propose a dynamic resource allocation scheme in MEC-enabled computing

network to study the average energy consumption minimization problem,
where transmit power, subcarrier assignment, computation time, postponing
time, and CPU-cycle frequency are jointly optimized to stabilize the network.
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– To resolve the problem, we design a dynamic radio and computation resource
allocation algorithm, which does not need prior knowledge of the network. To
improve the efficiency of the algorithm, we decompose the original problem
into several sub-problems to obtain the optimal network control policy.

– In the simulation, we estimate the performance of the proposed algorithms.
Observed from the simulation results, the proposed algorithm can achieve the
trade off between the average delay and the average energy consumption.

The rest parts of this paper are organized as follows. In Sect. 2, The system
model is described. We formulate the average energy consumption minimization
problem in Sect. 3. In Sect. 4, an algorithm design framework is introduced. We
design the network control policies in Sect. 5. In Sect. 5, we present the simulation
results. Finally, the summary of the paper is given in Sect. 6.

2 System Model

We consider an MEC-enabled computing network that is composed of an MEC
server and a set of applications. We assume that the MEC server is regarded as a
computing provider medium installed at a base station (BS). Consequently, it can
be accessed by applications through wireless communications to obtain the cor-
responding computing service. In the system, time is assumed to be slotted. We
let Nt denote the number of tasks arriving in time slot t and Nt = {1, 2, ..., Nt}
represent the index set of tasks. We consider two types of tasks, delay-intolerant
and delay-tolerant tasks. Denoted by τn(t) the required service time for each
task n ∈ Nt. Let kn(t) represent the maximum delay allowed for each task from
its arrival time t to completion, where kn(t) ≥ τn(t). Let s(t) = (sn(t)) denote
the optimal “postponing” time for task n in time slot t. Assuredly, we have to
sn(t) = 0 for the delay-intolerant tasks.

2.1 Computation Offloading Model

We consider a non-interference communication environment in the system. There
are M subcarriers, where Nt ≤ M , and the bandwidth of each subcarrier is B.
Let P (t) = (Pn,m(t)) and G(t) = (Gn,m(t)) represent the transmit power and
the channel gain of task n on subcarrier m, respectively. Then, the transmit rate
of task n on subcarrier m is given by

rn,m(t) = B log2(1 +
Pn,m(t)gn,m(t)

σ2
n(t)

), (1)

where σ2
n(t) is the noise power.

Consequently, the sum transmit rates and the total transmit power of task
n are respectively expressed as Rn(t) and Pn(t).

We assume that the transmit time of task n is set to Tn(t). Therefore, the
amount of offloading task n to MEC server is denoted by Do

n(t) = Tn(t)Rn(t).
The energy consumption of the task n is expressed as Eo

n(t) = Tn(t)Pn(t).
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We set that the power consumption of task n in idle state is P id(t), which is
a variable that changes over time. Then the energy consumed while the task n
is given by

Es
n(t) = sn(t)P id(t). (2)

Note that Es
n(t) relies on the decision made.

2.2 MEC Server Computation Model

After receiving the task n, the computation time of the MEC server is set to
e(t) = (en(t)). Let f(t) = (fn(t)) denote the CPU-cycle frequency of task n in
time slot t. The data size of the task n executed by the MEC server is given by

Dm
n (t) =

fn(t)en(t)
cn

, (3)

where cn is the CPU cycles required by the MEC server to process 1-bit comput-
ing task n. Then the energy consumed by the MEC server to process the task n
in time slot t is given by

Em
n (t) = κfn(t)3en(t), (4)

where κ is the effective switched capacitance of the MEC server.

2.3 Task and Computation Queueing Models

We denote that A(t) = (An(t)) is the amount of arriving task n at the beginning
of the time slot t, which is assumed to an independent and identically distributed
(i.i.d) over slots. The arrival rate is λ(t) = (λn(t)), and E{A(t)} = λ(t). We
assume that the dynamic update of all queues is based on the First-In-First-
Out (FIFO) principle. Thus, each task in the system is equally important. Let
Qo(t) � [Q0

1(t), Q
o
2(t), ...Q

o
n(t)] denote the backlog of the task buffers at time

slot t. Then, the queue length of the task n in the network evolves according to

Qo
n(t + 1) = max{Qo

n(t) − Rn(t)(τn(t) − en(t)), 0} + An(t), n ∈ Nt. (5)

Usually, the MEC server stores that the tasks offloaded but not yet processed
by the server in a task buffer. The capacity of the MEC server is assumed to
be sufficiently large. Denote by Q(t) the queue length of the task buffer at the
MEC server at slot t. Then, the evolution of the queue length Q(t) on the MEC
server is given by

Q(t + 1) = max{Q(t) −
Nt∑

n=1

Dm
n (t), 0} + Din(t), (6)

where Din(t) =
Nt∑

n=1
Do

n(t). We note that 0 ≤ Dm
n (t) ≤ Q(t)/Nt.
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3 Problem Formulation

In the paper, we focus on the total energy consumption of the task processing
in the system, including the energy consumed by transmission, the energy con-
sumed while waiting, and the energy consumption of the MEC server. Then the
time average energy consumption of task n is given by

En = lim sup
T→∞

1
T

T−1∑

t=0

E{En(t)},∀n ∈ Nt, (7)

where En(t) = Eo
n(t) + Es

n(t) + Em
n (t).

Therefore, the average energy consumption of the system is equal to

E =
∑

n∈Nt

En. (8)

We denote the system operation at time slot t as A(t) � [P (t),ρ(t),
s(t),e(t),f(t)]. Therefore, the average energy consumption minimization prob-
lem can be formulated as

min
A(t)

E =
∑

n∈Nt

En

s.t. (C1) :
M∑

m=1

ρn,m(t)rn,m(t) ≥ Rreq
n ∀n,

(C2) :
Nt∑

n=1

ρn,m(t) ≤ 1,∀m,

(C3) : ρn,m(t) ∈ {0, 1},∀n,m,

(C4) :
M∑

m=1

ρn,m(t)Pn,m(t) ≤ Pn,max,∀n,

(C5) : sn(t) + en(t) ≤ kn(t) − Tn(t),∀n, (9)

(C6) : lim sup
T→∞

1
T

T∑

t=1

Nt∑

n=1

yt
n(sn(t)) ≤ α

(C7) : fn,min ≤ fn(t) ≤ fn,max,∀n,

(C8) : Pn,m(t) ≥ 0, fn(t) ≥ 0,∀n,

(C9) :
fn(t)en(t)

cn
≤ Q(t)/Nt,∀n,

(C10) : Qn < ∞, Q < ∞,∀n,

where Rreq
n and Pn,max denote the required transmission rate and the maximum

transmission power of task n, respectively. fn,min and fn,max are respectively
the minimum and the maximum CPU-cycle frequency for executing task n. We
note that the value of yt

n(sn(t)) is different for diverse tasks.



132 J. Feng et al.

4 Algorithm Design Framework

In this section, we propose a dynamic energy consumption minimum algorithm
to solve the stochastic optimization problem (9) by employing the Lyapunov
optimization method.

4.1 The Lyapunov Optimization-Based Algorithm

Firstly, we introduce the concept of virtual queue to deal with the average dis-
satisfaction constraint (C6) in (9). Particularly, the virtual queue is defined as
Qv(t) with Qv(0) = 0 and the update equations is defined as

Qv(t + 1) = max{Qv(t) +
Nt∑

n=1

yt
n(sn(t)) − α, 0}. (10)

Then solving problem (9) is transformed into minimizing the following prob-
lem.

min
X (t)

Φ(X(t))

s.t. (C1)−(C5), (C7)−(C9), (11)

where

Φ(X (t)) = V

Nt∑

n=1

(τn(t) − en(t))
M∑

m=1

ρn,m(t)Pn,m(t) −
Nt∑

n=1

(Qo
n(t) − Q(t))(τn(t) − en(t))

M∑

m=1

ρn,m(t)B log2(1 +
Pn,m(t)gn,m(t)

σn(t)2
) +

Nt∑

n=1

{V (κfn(t)3 − Pn(t)) − [Rn(t)(Qo
n(t)

−Q(t)) + Q(t)
fn(t)

cn

]}en(t) + Q
v(t)

Nt∑

n=1

y
t
n(sn(t)) + V

Nt∑

n=1

sn(t)
τn−1∑

j=0

P
id(j + t + sn(t)),

V

Nt∑

n=1

κfn(t)3en(t) − Q(t)
Nt∑

n=1

fn(t)en(t)
cn

To solve (9), we develop a dynamic resource allocation algorithm, shown in
Algorithm 1.

Algorithm 1. Dynamic Resource Allocation Algorithm
1: Monitor the current queue states Qo(t), Q(t), Qv(t) and the channel condition

G(t) at each time slot t, respectively;
2: Obtain the network control policy, including power allocation, subcarrier assign-

ment, computation time, postponing time, and CPU-cycle frequency accordingly
to problem (11);

3: Update Qo(t), Q(t), Qv(t) according to (8), (9), and (14) based on the above
obtained control policy.
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5 Design of Control Strategies

In this section, we first develop an algorithm for power allocation and subcarrier
assignment. We then obtain computation time allocation, the postponing time,
and CPU-cycles frequency, respectively.

5.1 Power Allocation and Subcarrier Assignment

For a given e(t), the problem of the power allocation and subcarrier assignment
is given by

min
P (t),ρ(t)

Φ1(P (t),ρ(t))

s.t. (C1)−(C4), (C8)′ : Pn,m(t) ≥ 0. (12)

To solve (12), we first relax ρn,m(t) to interval [0, 1], then introduce a
new variable xn,m(t) = ρn,m(t)Pn,m(t), where let x(t) = (xn,m(t)). We set
ρn,m(t)B log2(1 + Pn,m(t)gn,m(t)

σn(t)2 = 0 when ρn,m(t) = 0. Therefore, (12) is rear-
ranged as

min
x(t),ρ(t)

Φ1(x(t),ρ(t))

s.t. (C1), (C2), (C3), (C4), (C8). (13)

It is easy to prove that optimization problem (13) is a convex optimization
problem. Therefore, we can easily obtain the solution of (13).

5.2 Computation Time Allocation

For a given P (t),ρ(t),f(t), and s(t), the optimization problem of computation
time allocation is given by

min
e(t)

Φ2(e(t))

s.t. (C5) : en(t) ≤ kn(t) − Tn(t) − sn(t),∀n, (14)

(C9) : en(t) ≤ Q(t)cn

Ntfn(t)
,∀n.

We can observe that (14) is a standard linear programming, so the optimal
computation time is denoted as e∗

n(t).

5.3 Postponing Time Allocation

For a given computation time e(t), the optimization problem of postponing time
allocation is given by

min
s(t)

Φ3(s(t))

s.t. (C5) : sn(t) ≤ kn(t) − Tn(t) − en(t),∀n. (15)
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Since the objective function of (15) is convex and its constraint is linear, (15)
is a convex optimization problem. so the optimal postponing time is given by

s
∗
n(t) = arg min

0≤sn(t)≤kn(t)−Tn(t)−en(t)
Q

v(t)yt
n(sn(t)) + V

τn−1∑

j=0

P
id(j + t + sn(t)). (16)

5.4 Optimal CPU-Cycle Frequency

For a given computation time e(t), the optimization problem of CPU-cycle fre-
quency is given by

min
f (t)

Φ4(f(t))

s.t. (C7)′ : fn,min ≤ fn(t) ≤ min{fn,max,
cnQ(t))
Nten(t)

},∀n. (17)

In (17), we can observe that both its objective function and constraint are
convex, so (17) is convex optimization problem. Then, the optimal solution of
CPU-cycle frequency for any user n is denoted as f∗

n(t).

6 Simulation Results

1 2 3 4 5 6
The number of iteration,  t

1.2

1.4

1.6

1.8

2

2.2

2.4

n

2

4

6

8

Fig. 1. Convergence of Algorithm 2.

1 2 3 4 5 6 7 8 9 10
The number of iteration

1.5

2

2.5

3

3.5

4

4.5

5

5.5

6

(x
)

Fig. 2. Convergence of Algorithm 3.

In this section, we show simulation results to analyze the proposed algorithms.
There are N = 8 users located at the central of BS. We assume that the arrival
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process of all tasks obeys follows Poission process with different intensity λn. In
the simulation process, we consider two types of applications, delay-tolerant tasks
and delay-tolerant tasks. The arrival intensities for the tasks are 2.5, 1.5, 0.2,
and 40, respectively. The functions of dissatisfaction are assumed to be y(x) =
x2 + x. The maximum CPU computation capacity fmax is set to be 2 GHz. The
parameter α of the average dissatisfaction constraint is set to be 5000, and we
set the control parameter V = 200. To evaluate the performance of the proposed
algorithms, we give two schemes as comparison scheme. The first scheme is that
the variables of power allocation, computation time, and CPU-cycle frequency
allocation are separately optimized (Policy A). The second scheme only optimize
power allocation and CPU-cycle frequency allocation (Policy B).

In Fig. 1, we give the performance evaluation of Algorithm 2. Peculiarly, the
trend of the dual variables μ(t) = (μn(t)), n ∈ Nt is regards as the judgment
target. Observed from Fig. 1, we can find that the convergence rate of Algorithm
2 is fast. Figure 2 shows the convergence rate of Algorithm 3. It is observed that
it has also a fast convergence rate. Therefore, we can conclude that the proposed
algorithm is highly efficient.

Figure 3 shows the comparison of the average energy consumption and con-
trol parameter V . The average energy consumption deceases as V increase for
a given arrival rate λn(t). Besides, observed from Fig. 3, we can see that the
average energy consumption increases as arrival rate λn(t) for a given control
parameter V .

In Fig. 4, we display the average energy consumption of with the variation
of maximum transmit power Pn,max. The average energy consumption deceases
as maximum transmit power Pn,max increase for a given control parameter V =
100. By comparing the two schemes (Policy A and Policy B), we can conclude
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that the proposed scheme consumes the least energy, followed by Policy B, and
finally Policy A.

7 Conclusion

In this paper, we have researched the average energy consumption minimization
problem, where jointly optimize transmit power allocation, subcarrier assign-
ment, computation time, postponing time, and CPU-cycle frequency for MEC-
enabled computing networks. We propose an algorithm that does not require
prior knowledge of the network in advance. Particulary, the solutions of trans-
mit power and subcarrier assignment were obtained by using the Lagrangian dual
decomposition method. The solutions of computation time, postponing time, and
CPU-cycle frequency were achieved in the closed form. Simulation results shown
that the performance of the proposed algorithms and can achieve the tradeoff
between the average delay and the average energy consumption.
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