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Abstract. This paper studies joint computation offloading and commu-
nication resource allocation for mobile edge computing (MEC) systems.
We aim to minimise the end-to-end (e2e) latency among users (UEs) by
jointly optimising task offloading portions, frequency of UEs and edge
servers, as well as transmission power of UEs with respect to the latency
requirements, computing and energy budgets. To deal with this challeng-
ing optimisation problem, we propose efficient algorithms based on the
alternating optimisation (AO) approach and convex optimisation. Simu-
lation results validate the effectiveness of the proposed solutions in terms
of reducing the e2e latency of UEs as well as demonstrate the impacts
of involved parameters on the performance.
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1 Introduction

1.1 Mobile Edge Computing

Mobile Edge Computing (MEC), is a novel technology in the field of mobile com-
puting that allows computing, storage, and networking services to be deployed in
nearby edge servers [8,19]. MEC plays an important role in 5G and beyond. Ser-
vices in terms of computing perspective have strong potential to integrate with
other wireless technologies as URLLC [17] and mm-wave [4] which enable new
applications. The main objective of MEC is to provide ultra-low latency, high-
bandwidth, secure services, and direct access to real-time network information to
mobile users (UEs), by bringing the cloud to the edge of the network [17]. MEC
is considered a key enabler for emerging mobile applications such as augmented
reality, virtual reality, Internet of Things (IoT) and 5G services [3]. MEC pro-
vides a cost-effective solution for providing computing services to mobile users
by reducing the amount of data that needs to be transmitted to the central
cloud.
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Research in MEC has focused on several areas such as resource management,
security, quality of service (QoS), energy efficiency. Resource management algo-
rithms, such as the one in this paper, have been proposed to optimise the use
of computational and storage resources at the edge of the network [16]. Quality
of service is a critical aspect of MEC, as it ensures that the services provided
by the edge server meet the required performance levels [6,12]. Energy efficiency
is another important aspect, as it helps to reduce the energy consumption of
mobile devices and edge servers [13]. MEC has the potential to revolutionise the
way we use mobile devices by bringing the clouds computing power to mobile
devices.

1.2 Resource Allocation

One of the key challenges in MEC is resource allocation, which involves deciding
how to allocate computational and storage resources at the edge of the network
to meet the demands of UEs. Resource allocation strategies in MEC are essential
to optimise the use of resources, minimise energy consumption [13], and ensure
that the QoS requirements of UEs are met.

Several such resource allocation strategies have been proposed in previous
literature to address the challenges of resource allocation in MEC. These include
centralised algorithms, distributed algorithms [18], and hybrid algorithms [14].
Centralised algorithms allocate resources based on a global view of the system,
whilst decentralised algorithms allocate resources based on local information.
Hybrid algorithms can combine the advantages of centralised and decentralised
algorithms to provide a balance between performance and scalability. Another
important aspect of resource allocation in MEC is the integration of energy effi-
ciency. Several energy-efficient resource allocation algorithms have been proposed
to address this challenge [20].

1.3 Task Offloading

Task offloading or computing offloading, involves migrating computing processes
from a mobile device to a MEC server. Task offloading is performed to shorten the
task response delays and save energy resources [1]. Task offloading in MEC refers
to the process of transferring computationally intensive tasks from UEs to edge
servers for processing. This is an important aspect of MEC as it helps to reduce
the energy consumption of UEs and improves their performance. Several energy-
efficient task offloading algorithms have been proposed in literature to address
this challenge [20]. More importantly, task offloading in MEC has been recently
integrated into other emerging technologies like UAV-based communications and
digital twin [2,7] to fully realise the potential of MEC in the development of new
delay-sensitive applications.

2 System Model and Problem Formulation

We consider a MEC system as illustrated in Fig. 1. In the system model, the
user layer consists of many user equipment (UE) such as mobile robots, actu-
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Fig. 1. An illustration of MEC System Model.

ators, sensors. The UEs have different computational tasks to execute, but the
computing capacity of UEs is typically limited. Therefore, a portion of tasks can
be offloaded to the edge server (MEC) on the edge layer to reduce execution
time. Each UE can transmit data to multiple MECs to offload a computational
task, and each MEC is available to serve all UEs with an appropriate sharing
computing resource to guarantee performance.

2.1 Task Offloading Model

Let us define M = {1, 2, ...,M} and K = {1, 2, ..K} as the sets of UEs, and
MECs in the system, respectively. A computational task offloaded from the m-
th UE is modelled by three parameters including data size (bit), Dm, the required
computation CPU cycles to execute the task, Cm (cycle), and Tmax

m (s) is the
maximum latency tolerance. Let u = {um}∀m be the portion of the task executed
locally and v = {vmk}∀m,k be the portion of the task offloaded from the m-th
UE to the k-th MEC server, satisfying 0 ≤ umk ≤ 1, 0 ≤ vmk ≤ 1. Following
that definition, the constraint of each computational task can be expressed as
follows

um +
∑

k∈K

vmk = 1,∀m. (1)

2.2 Wireless Transmission Model

Task offloading from UEs to MECs is based on wireless communications. The
access points (AP) associated with MECs are equipped with L antennas to serve
single-antenna UEs. The wireless channel between the m-th UE and the k-th
MEC is modelled as hmk =

√
γmkgmk, where γmk is the channel path-loss and

gmk is the small-scale fading coefficients. We apply maximum ratio combining
(MRC) at the AP to calculate the transmission rate for task offloading and first
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introduce ϕm,k,l = hT
mkh

∗
lk/‖hlk‖. Then, the achievable transmission rate from

the m-th UE to k-th MEC can be calculated as [9]

Rmk (p) = B log2

(
1 +

pm|ϕm,k,m|2
Im(p) + σ2

k

)
, (2)

where B, pm, and σ2
k are the system bandwidth, transmission power of the

m-th UE, and the noise variance, respectively. The expression of Im(p) =∑
l∈M,l �=m pl|ϕm,k,l|2 is the interference caused by other UEs. As a result, the

transmission latency for task offloading from the m-th UE to the k-th MEC is
expressed as

T off
mk (p, um) =

vmkDm

Rmk (p)
. (3)

2.3 Computation and Latency Models

Let fue
m be the frequency (i.e., clock speed or processing rate) of the m-th UE

(cycles/s). The latency of local execution at the m-th UE is given by

T ue
m (um, fue

m ) =
umCm

fue
m

(4)

Similarly, given the frequency fmec
k , the latency of the k-th MEC server to execute

a portion vmk of the task offloaded from the m-th UE is modelled as

Tmec
mk (vmk, fmec

mk ) =
vmkCm

fmec
mk

(5)

Consequently, the end-to-end (e2e) latency to complete task execution includ-
ing local processing, wireless transmission, and MEC processing is expressed
as following T tot

m . This value cannot exceed the maximum latency requirement,
Tmax

m

T tot
m (p, um, vmk, fue

m , fmec
mk ) = T ue

m (um, fue
m ) + max{T off

mk (p, vmk)}
+max{Tmec

mk (vmk, fmec
mk )} ≤ Tmax

m ,∀m. (6)

It is important to note that after the MEC executes the offloaded task, the
size of responses from MECs to UEs (e.g., controlled packets) are much smaller
than the offloaded data size, whilst the transmission power of APs are higher than
UEs. Therefore, the latency for responses from MECs to UEs is not considered
in this paper [19].

2.4 Energy Consumption Model

To execute computational tasks locally, and to offload the task to APs via wire-
less links, UEs consume energy for computation as well as communication. We
model the total energy consumption of UEs as a summation of two components
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including energy for computation (Ecp
m) and energy for communication (Ecm

m ).
As a constraint, this value must be less than or equal to the energy budget of
UEs.

Etot
m (um, pm, fue

m ) = Ecp
m + Ecm

m

= um
θ

2
Cm(fue

m )2 +
∑

k∈K
pm

vmkDm

Rmk(p)
≤ Emax

m ,∀m, (7)

where θ/2 is a constant factor to calculate the computation energy consumption
of the m-th UE [15].

2.5 Problem Formulation

In this paper, we consider a min-max fairness latency minimisation problem. In
particular, we aim at minimising the worst-case e2e latency among UEs subject
to requirements of the latency, the UEs energy budget, the transmission power
budget, the offloading policies, and the computation capacity of UEs and MECs.
On this point, the optimisation problem is formulated as follows

min
α ,β ,p,f

max
∀m∈M

{
T tot

m (um, vmk, fue
m , fmec

mk ,p)
}

s.t. pm ≤ Pmax
m ,∀m,

um ∈ [0, 1] , vmk ∈ [0, 1] ,∀m, k,

Rmk (p) ≥ Rmin
mk ,∀m, k,

umfue
m ≤ fmax

m ,∀m,
∑

m∈M
vmkfmec

mk ≤ fmax
k ,∀k,

(1), (6), (7),

(8a)

(8b)
(8c)

(8d)
(8e)

(8f)

(8g)

where u � {um} ,∀m ∈ M; v � {vmk} ,∀m ∈ M,∀k ∈ K; p � {pm} ∀m ∈ M;
f � {fue

m , fmec
mk } ,∀m ∈ M,∀k ∈ K in their feasible domains. In (8), constraints

(8b) and (8c) indicate the value range of transmission power and offloading
portions of the tasks. Constraint (8d) shows the QoS requirements in terms of the
transmission rate. The computation capacity of UEs and MECs is presented in
(8e) and (8f), respectively. Finally, constraints (1), (6), (7) are already mentioned
in above subsections.

3 Proposed Solution

It is challenging to solve the problem (8) directly with conventional approaches,
due to the non-smooth and non-convex objective function, (8a) as well as non-
convex constraints, i.e., (8d), (6), (7). Therefore, we propose an alternative opti-
misation (AO) solution to deal with this problem. We first solve for the trans-
mission power (p) of UEs with given values of u,v, f . Next, offloading portions
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are optimised with given p, f . Finally, the processing rate of UEs and MECs is
solved to complete the AO-based algorithm. The following subsections provide
the development of our proposed solution.

3.1 Optimal Transmission Power with Given (u, v, f)

For any given (u,v, f), problem (8) can be expressed as

minimise
p

max
∀m∈M

{
T tot

m (p)
}

s.t. (8b), (8d), (6), (7).

(9a)

(9b)

To deal with the problem (9), we first address the transmission rate by using the
logarithmic inequality given in [10,11], which follows from the convexity of the
function f(x, y) = log2

(
1 + 1/xy

)
as follows

f(x, y) = log2(1 +
1
xy

) ≥ f̂(x, y). (10)

Given ∀x > 0, x̄ > 0, y > 0, ȳ > 0, by applying first-order Taylor’s expansion
for f(x, y), we have f̂(x, y) = log2

(
1 + 1

x̄ȳ

)
+ 2

(x̄ȳ+1) − x
x̄(x̄ȳ+1) − y

ȳ(x̄ȳ+1) . Let

(i) denote the i-th iteration and substituting x = 1
pm|ϕm,k,m|2 , y = Im(p) + σ2

k,
x̄ = x(i) = 1

p
(i)
m |ϕm,k,m|2 , and ȳ = y(i) = Im(p(i)) + σ2

k, we can obtain the
approximation of wireless transmission rate for task offloading from the m-th
IoT to the k-th MEC in (2) as

Rmk(p) ≥ R̂
(i)
mk(p),∀m ∈ M,∀k ∈ K, (11)

where

R̂
(i)
mk(p) = B

(
log2

(
1 +

1
x̄ȳ

)
+

2
(x̄ȳ + 1)

− x

x̄(x̄ȳ + 1)
− y

ȳ(x̄ȳ + 1)

)
. (12)

As a result, the constraint (8d) is now equivalent to

R̂
(i)
mk(p) ≥ Rmin

mk , ∀m ∈ M,∀k ∈ K. (13)

This is now a convex constraint.
Next, to deal with the latency constraint, we introduce new variables r �

{rmk}∀m,k satisfying 1
/
R̂

(i)
mk(p) ≤ rmk,∀m, k. Then, the objective function

T tot
m (p) can be upper-bounded as

T tot
m (p) ≤ T̂ tot

m (r) =
vmCm

fm + f̃m

+max
k∈K

(
umkCm

fmec
mk + f̃k

)
+max

k∈K
{rmkumkDm} (14)
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Consequently, we can express (6) and (7) as
⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

T̂ tot
m (r) ≤ Tmax

m ,∀m,

vm
θ

2
Cmf2

m +
∑

k∈K
pmrmkumkDm ≤ Emax

m ,∀m,

1

R̂
ul(i)
mk (p)

≤ rmk,∀m, k,

(15a)

(15b)

(15c)

As we can see the constraint (15b) is still non-convex; therefore, we apply
following inequality

xy ≤ 1
2

(
ȳ

x̄
x2 +

x̄

ȳ
y2

)
, (16)

with x = pm, x̄ = p
(i)
m , y = rmk, ȳ = r

(i)
mk, to iteratively express (15b) as

um
θ

2
Cmf2

m +
∑

k∈K

1
2

(
r
(i)
mk

p
(i)
m

p2m +
p
(i)
m

r
(i)
mk

r2mk

)
vmkDm ≤ Emax

m ,∀m, k, (17)

which is now a convex constraint. Problem (9) is equivalent to the following
convex problem:

min
p,r

max
∀m∈M

{
T̂ tot

m (r)
}

,

s.t. (8b), (15a), (13), (15c), (17).

(18a)

(18b)

To solve problem (18), a CVX package in MATLAB is used [5]. The proposed
power allocation procedure for solving problem (18) is summarised in Algo-
rithm 1.

Algorithm 1. Proposed algorithm for solving power allocation in problem (18)
.
Initialisation: Set i = 0 and initial feasible point p(0); set the tolerance ε = 10−3 and

the maximum number of iteration Imax = 20.
repeat

Solve problem (18) for the next feasible solution (p(i+1));
Update i = i + 1;

until Convergence or i > Imax;
Output: Optimal power allocation coefficients (p∗).

3.2 Optimal Offloading Portions with Given (p, f)

In this subsection, we solve for the optimal offloading portion with fixed p, f.
Here problem (8) solving for (u,v) can be expressed as

min
u,v

max
∀m∈M

{
T tot

m (um, vmk)
}

,

s.t. (1), (6), (7), (8c), (8e), (8f).

(19a)

(19b)
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It is clearly seen that problem (19) is a standard convex program with all linear
constraints that can be solved efficiently by CVX.

3.3 Optimal Frequency of UEs and MEC Servers with Given
(u, v,p)

In this last sub-problem, we solve for the optimal frequency values of UEs and
MECs, f with given (u,v,p). To do that, we can rewrite problem (8) as follows

min
f

max
∀m∈M

{
T tot

m (fue
m , fmec

mk )
}

s.t. (6), (7), (8e), (8f)

(20a)

(20b)

As we can see from (20), the problem is also a convex program with respect
to variables f . Therefore, it can be solved efficiently by CVX to obtain optimal
solutions for the frequency of UEs and MECs.

Based on the above development, we propose using an iterative optimisation
algorithm to solve the computing resource optimisation of UEs and MEC servers.
The iterative algorithm is provided as following Algorithm 2.

Algorithm 2. Proposed iterative optimisation algorithm for solving (8).
Initialisation: Set i = 0, generate initial points (u(0), v(0), p(0), f(0)); set the error

tolerance ε = 10−3, and the maximum number of iteration Imax = 20.
repeat

With given (u(i), β(i), f(i)), solve problem (18) for optimal power control coeffi-
cients (p(i+1));
With given (p(i+1), f(i)), solve problem (19) for optimal offloading policies
(u(i+1),v(i+1));
With given (u(i+1), v(i+1), p(i+1)), solve problem (20) for optimal frequency
(f(i+1));
Update i = i + 1;

until Convergence or i > Imax;
Output: Optimal solutions of u∗, v∗, p∗, f∗.

4 Numerical Results

For simulations, the parameters are set as presented in Table 1. Simulations are
run on MATLAB and the convex optimisation problems are solved by CVX
package.

It is clear from the results in Fig. 2 that as the computation resource limita-
tions at the UEs increase, the worst-case latency decreases. This is because when
there are more local computation resources, there is a greater ability to process
tasks locally rather than offloading them to MEC servers. As a result, there is
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Table 1. Parameter settings of simulations [1,19].

Parameter Value

Number antennas of AP 4

Channel pathloss 140.7 + 36.7 log10 d

System bandwidth 10 MHz
Maximum transmission power 30 dBm
Noise power density −174 dBm/Hz
Task data size 100 kB
Task complexity [600, 1200] cycles/bit
Maximum UE frequency 1 GHz
Maximum MEC frequency 20 GHz
Maximum latency requirement 1 s
UE energy budget 1.5 J
The effective capacitance coefficient 10−24 watt.s3/cycle3

Fig. 2. Latency versus fmax
m .

a higher chance of reducing latency, especially when network resources are opti-
mally allocated. The ‘Proposed Scheme’ uses the proposed solution written in
this paper.‘Fixed Offloading’, uses fixed values for u and v to determine task
offloading for all the UEs. The fixed values in this case are initialised values. It is
clear that the optimised scheme must offload at a similar level to the initialised
values, hence the difference in results of about 0.04 s.

Figure 3 demonstrates how the worst case latency changes with different val-
ues of UE task complexity (given in cycles per second). It is clear that as the
task complexity increases, so does the worst case latency. This is due to both
the UEs and MEC servers having to process a more complex task, which of
course requires more time to do. Additionally the more complex tasks take more
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Fig. 3. Latency versus ξ.

Fig. 4. Latency versus ξ with varying number of MEC Servers.

time to be offloaded, thus increasing the latency. What this figure demonstrates,
is that there exists a predictable relationship, which could make guaranteeing
performance simpler for end users. Once again, the proposed scheme performs
better than a fixed scheme.

Figure 4 demonstrates the relationship between latency and the number of
MEC servers. The worst case latency is lower with more MEC servers. As is made
clear by both graphs, the latency increases as the task complexity increases, this
graph also complements Fig. 3. The system with 4 MEC servers performs better
to the system with 2 MEC servers.
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5 Conclusion

In conclusion, we have presented a framework that assists in task offloading
for IoT networks with mobile edge computing (MEC). Specifically, we have
addressed the highly non-convex optimisation problem of minimising e2e latency
in the system. The formulated problem has taken into account several variables
such as transmission power, task offloading portions, CPU frequency of UEs and
MECs subject to system budgets and QoS requirements. To evaluate the effec-
tiveness of our proposed approach, we have conducted simulations by varying
task complexity. Our simulation results clearly demonstrate that the proposed
scheme outperforms the benchmark scheme, highlighting the efficacy of our app-
roach in minimising e2e latency and improving the performance of IoT networks
with MEC.
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