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Abstract—In the smart community, many smart devices 

often offload computation tasks that use related data to edge 

servers. In this case, unnecessary data transmissions will occur, 

resulting in waste of energy resources and increased latency. 

Therefore, we consider adding a shareable cache to the edge 

server, allowing different computing tasks to share the original 

data file of computation task, and further reducing the energy 

consumption and latency. In this paper, we propose a 

computation offloading mechanism based on edge server 

shareable cache. We first propose a four-tier architecture. 

Subsequently, a resource constraint optimization model 

combining communication, computing, and caching is 

established. Then, we design a multi-factor-based edge server 

sharable cache management and update mechanism (MFBM), 

and propose a two-scenario computation offloading mechanism 

(TSCOM). Finally, simulation results show that the mechanism 

proposed in this paper is effective. 

Keywords—edge computing, computation offloading, smart 

community, IoT service, cache 

I. INTRODUCTION  

Edge computing has become a key technology to promote 
the development of smart communities. In smart community, 
many smart devices often offload computation tasks that use 
related data to edge servers. These tasks may be generated 
from various IoT applications in the smart community, 
including smart vehicles, electronic health services, 
interactive games and virtual reality applications. When the 
data used by the computation tasks of multiple smart devices 
are related, repeated data transmissions will occur, resulting in 
waste of energy resources and increased latency. 

Therefore, we consider adding a shareable cache to the 
edge server, allowing different computation tasks to share the 
original data file, and further reducing the energy consumption 
and latency of data transmission. We first propose a four-tier 
architecture. Subsequently, an optimization model combining 
communication, computing, and caching is established. Then, 
we design a multi-factor-based edge server sharable cache 
management and update mechanism, which solves the issues 
raised above, and propose a two-scenario computation 
offloading mechanism. Finally, we prove the effectiveness of 
the proposed mechanism through simulation. 

 

The remainder of this paper is organized as follows. 
Section II sorts out some related works, Section III presents 
the system model and the problem formulation. Section IV 
proposes the mechanism. Simulation results are discussed in 
Section V. Finally, Section VI concludes the paper. 

II. RELATED WORKS 

There have been some studies on computation offloading 
[1-3]. In terms of edge caching, existing studies focus more on 
the strategy of caching popular cloud content in edge servers 
[4-5], and the goal is to reduce the load of cloud servers, 
reduce user access delays, and avoid network congestion, but 
it ignores that computation task data caching actually has a 
wider and common application scenario. A few studies have 
considered caching computation task data in edge servers [6-
7], but few consider the collaboration between edge servers. 
At the same time, the caching strategy will affect the 
offloading decision and resource allocation, and vice versa. In 
order to improve the efficiency of the system, the combination 
of caching and computation task offloading is essential. 

However, the management and update strategy of the 
cache is a complex problem, and there are many challenges to 
be solved [8]. First of all, although the computing and caching 
capabilities of edge servers are better than local smart devices, 
they are still limited. Therefore, we need to consider efficient 
use of limited resources. Secondly, deciding whether to cache 
a data file depends not only on the frequency of the data file 
being accessed, but also on the size and complexity of the task, 
etc. It is difficult to find a general caching method. Finally, 
whether a data file is worth caching is likely to be affected by 
time, but many papers ignored this point. 

III. SYSTEM MODEL AND THE PROBLEM FORMULATION 

A. System overview 

Fig. 1. shows the four-layer smart community edge 
computing architecture proposed in this article. The set of 
edge servers is denoted as N = �1,2, … , �, … , 	
, and the set 
of smart devices (SDs) that connected to edge server �  is 
denoted as M� = �1,2, … , �, … , ��
 . The set of 
computation tasks in this model is � =
���, ��, … , �� , … , ��
. A computation task is characterized by 
three parameters, the data size of the computation task  �� , the 
computational density required for the task ��  (cycles/bit), 
and the maximum tolerance latency ��

��� , and the 978-3-903176-32-4 © 2021 IFIP 



computation task is denoted as �� = ��� , �� , ��
���
 . We 

assume that there is a certain probability of each task 
requested by SD �, and the probability is denoted as ��,�,�, 

where ∑ ��,�,� = 1�
��� . 

 

Fig. 1. System model 

B. Communication model 

In this paper, the uplink transmission rate of � is ��,� 

[8], and it can be obtained as 

��,� = �log� #1 + %&,'(&,'
)* +                   (1) 

where � is the bandwidth, ,�,� is the transmission power of 

�, -�,� is the channel gain between � and �, and .� is the 

noise power. To simplify the model, we assume that the 
bandwidth is identical for all the channels. 

C. Computation model 

(1) Local computing 

The local energy consumed by local computing is 

/�,�,�
0 = 123�,�

0 4�����                       (2) 

where  3�,�
0  is the computation capability of SD � , 1 is a 

coefficient of capacity related to the chip architecture, and its 
value is usually taken as 106�7 [9].  

 The execution time of �� can be calculated as 

8�,�,�
0 = 9:;:

<&,'=                                  (3) 

(2) Edge computing 

 The process of computation offloading may be consist of 
three parts: task offloading from SD to edge server, execution 
on edge server, and collaboration between edge servers. The 
latency of task offloading from SD � to edge server � is 

8�,�,�
>6?<< = 9:

@&,'
                                (4) 

 At this time, the energy consumption of task offloading 
from SD � can be defined as 

/�,�,�
>6?<< = ,�,�

9:
@&,'

                                (5) 
where ,�,� is the transmission power of �. We will ignore 

the latency and energy consumption of downloading [10]. 

 In order to improve the efficiency of computing 
offloading, edge servers can collaborate with each other. For 
a computation task �� of SD �, it can be executed at the edge 
server n, which is connected by SD �, and it can also be 
executed by adjacent edge servers that cooperate with n. We 
denote the edge server executing this task as �B , then the 
execution time can be given as 

8�,�,�,�C
>6D�D = 9:;:

<E                                  (6) 

Where 3> is the computation capability allocated by edge 
server for computation task. 
 The energy consumption of task execution can be 
represented as 

/�,�,�,�C
>6D�D = 1F3>G�����                        (7) 

If the task offloaded to the edge server �  needs to be 
executed on the edge server �B, then the transmission delay 
from � to �B is 

8�,�C,�
>6H@ = ��I�,�C                               (8) 

where I�,�C = JKL�,�C + J�. I�,�C is the transmission latency 

per unit of computation task, L�,�C  is the distance between 

edge server �  and �B , JK  and J�  are linear coefficients. 
Similar to many existing studies, we assume that as the 
transmission distance increases, the latency increases linearly. 
 The energy consumption caused by the transmission 
between cooperative edge servers can be expressed as 

/�,�C,�
>6H@ = ��M�,�C                             (9) 

where M�,�C is the energy coefficient between edge servers. 

D. Problem formulation 

This paper aims to minimize the total energy consumption 
of the system, and under the constraints of delay, limited 
computation and cache capacity, etc., we intend to study a 
collaborative computation offloading strategy combined with 
cache resource allocation. 

First, the offloading decision variable and cache state 
variable are defined as follows. We define cache state variable 
as N�,� ∈ �0, 1
, it indicates whether the data file of task  �� is 
cached at edge server � (N�,� = 1) or not (N�,� = 0). We also 

define offloading decision variable as P�,�
�,�C ∈ �0, 1
 , it 

indicates weather edge server �B  is chosen by SD �  to 

execute computation task �� (P�,�
�,�C = 1) or not FP�,�

�,�C = 0G. 

If a computation task ��  of SD �  is executed locally, 
then the latency and energy consumption can be expressed as  

8�,�,�
0 = F1 − ∑ P�,�

�,�CR
�C�� G8�,�,�

0                   (10) 

/�,�,�
0 = F1 − ∑ P�,�

�,�CR
�C�� G/�,�,�

0                   (11) 

If a computation task �� of SD � is executed at an edge 
server, then the latency and energy consumption can be 
expressed as 

8�,�,�
> = ∑ P�,�

�,�CR
�C�� �F1 − N�,�GF8�,�,�

>6?<< + 8�,�C,�
>6H@ G + 8�,�,�,�C

>6D�D 
  

(12) 

/�,�,�
> = ∑ P�,�

�,�CR
�C�� �21 − N�,�42/�,�,�

>6?<< + /�,�C,�
>6H@ 4 +

/�,�,�,�C
>6D�D 
                                                                              (13) 

 In summary, the overall energy consumption of the system 
is 

/ = ∑ ∑ F/�,�,�
0 + /�,�,�

>R
���

�
��� G                (14) 

To formulate the problem, we can build a model as follows 

minimize 
�,�,�

/                             (15) 

s.t.  X1: 8�,�,�
0 + 8�,�,�

> ≤ ��
��� , [ ∈  \, � ∈ 	, � ∈ �� 

  X2: ∑ ∑ ∑ P�,�
�,�C��,�,�3>]

���
R
��� ≤ ^�C�

��� , [ ∈
 \, � ∈ 	, � ∈ �� 

  X3: ∑ N�,���
�
��� ≤ X�,    [ ∈  \, � ∈ 	, � ∈ �� 

  X4: ∑ P�,�
�,�CR

�C�� ≤ 1,    [ ∈  \, � ∈ 	, � ∈ �� 

  X5: ∑ ��,�,� = 1�
��� , [ ∈  \, � ∈ 	, � ∈ �� 



Constraint C1 indicates the execution time of the task 
should less than its maximum tolerance latency. Constraint C2 
guarantees that the allocated computational capability cannot 
exceed the upper limit of the edge server. In constraint C3, X� 
is the maximum cache size of edge server n, and C3 is to 
ensure that the size of the cache space occupied by data files 
cannot exceed the upper limit of the edge server capacity. C4 
implies that each task can only choose one offloading mode. 
C5 is the limit on the probability of each task. 

IV. COLLABORATIVE COMPUTATION OFFLOADING 

STRATEGY COMBINED WITH CACHE RESOURCE 

ALLOCATION 

A. Multi-factor-based cache management and update 

mechanism (MFBM) 

In order to reduce unnecessary data transmission and 
improve utilization efficiency of limited cache space, this 
paper designs a multi-factor-based edge server sharable cache 
management and update mechanism (MFBM).  

Step 1. In the initial stage, when the sharable cache space 
of the edge server is not full, data files can be stored until the 
limit of sharable cache space is reached. Step 2. At the same 
time, record the access frequency  (AF) of each time slot for 
each data file. Step 3. Use the idea of exponentially weighted 
moving average (EWMA) to obtain the EWMA value of AF 
for each data file. The weighted influence of each value 
decreases exponentially with the passage of time. The closer 
the time is to the current moment, the greater the weighted 
influence of the data. Since the weight of the data is smaller as 

time goes forward, we only consider the data of the latest 
�

�6b 

time slots to calculate the  cd��H of the current time slot. At 
the same time, define a deviation to correct the cold start 
problem. When t is very small, the estimation at the initial 
stage can be more accurate. When t is very large, the deviation 
correction is almost ineffective. We define the corrected 
EWMA value as cd��H

B. 

 cd��H = e ∙ cd��H6� + F1 − eG ∙ � Ĥ = F1 − eG ∙
[� Ĥ + e ∙ � Ĥ6� + e� ∙ � Ĥ6� + … + eH6� ∙ � �̂]             (16) 

 cd��H
B = ij]kl

�6bl                            (17) 

Step 4. Calculate the Popularity value of the current 
moment for each cached data file. Popularity is an indicator 
defined in this paper to evaluate whether a file should be 
cached, defined as Pop. It consists of the cd��H

B, the size of 
the data file, and the computation complexity. 

PopH=m�no�Fcd��H
BG + m�no�F��G + mpno�F��G    (18) 

where m� , m� , mp  are weights of cd��H
B , the size of the 

data file, and the computational density, and m� + m� + mp =
1. The weights are given by [11].  

Due to the large difference between the various 
parameters, we need to normalize them. The min-max 
normalization function is denoted as ΝorFG, and is defined as 

ΝorFsG = �6��� F;G
���F;G6��� F;G                       (19) 

where s  is the value to be normalization, [� F�G  and 
ts F�G mean the minimum and maximum value of set �. 

Step 5. For data files that are not cached, create a table to 
record their AF, and calculate their Popularity. Step 6. Data 

file with a larger Popularity is cached, and data file with a 
smaller Popularity is replaced. 

B. Two-scenario computation offloading mechanism 

(TSCOM) 

In the previous section, we studied the management and 
update mechanism of the sharable cache on the edge server, 
and the computation offloading strategy will be affected by 
this mechanism. If the data file required by a computation 
task has been cached in the sharable cache of the edge server, 
then we believe that the computation task will be executed on 
the edge server if the edge server's computation capacity 
allows. Because this will effectively reduce local energy 
consumption and shorten response time, and avoid the waste 
of data files cached at the edge but no SD access. It is worth 
noting that this setting will in turn affect the results of the 
caching strategy. Therefore, we propose a two-scenario 
computation offloading mechanism (TSCOM). 

The first scenario is, when the data file required by the 
computation task �� of a SD � has been cached on the edge 
server, the problem can be transformed into 

/�,�,�
> = /�,�,�

>6D�D                               (20) 

8�,�,�
> = 8�,�,�

>6D�D                               (21) 

Since this part of the current time slot is fixed and the 
most efficient, we only need to focus on other computing 
tasks that data files are not cached by the edge server. The 
second scenario can be transformed into a problem with only 
one decision variable. 

/�,�,�
> = ∑ P�,�

�,�CR
�C�� �/�,�,�

>6?<< + /�,�C,�
>6H@ + /�,�,�,�C

>6D�D 
    (22) 

minimize / = ∑ ∑ F/�,�,�
0 + /�,�,�

>R
���

�
��� G          (23) 

   s.t. C1, C2, C4, C5. 

where C1 should be updated, so that the computation 
capacity of �̂ that has already been occupied is subtracted. 

 



V. SIMULATION AND ANALYSIS 

A. Simulation Scenario 

We consider the scenario has 3 edge servers, 10 task types, 
and 50 SDs connected to each edge server. We set the linear 
coefficients for transmission delay  JK as 5u/w and J� =
19.7u [12]. Remaining parameters are shown in Table 1. 

TABLE I.  PARAMETERS 

parameter reference value parameter reference value 

background noise -174dBm/Hz B 20MHz 

p [0,100]mw 30 [0.5,0.9]GHz 

F 10GHz �� [500k,1M] bits 

�� [800,1000] cycles/bit M�,�C 2 × 106|J/bit 

B. Result Analysis 

This section evaluates the proposed mechanism 
(MFBM+TSCOM) from the perspective of energy 
consumption. We compare mechanism with four techniques: 
1) no cache and TSCOM, 2) least recently used caching 
algorithm (LRU) and TSCOM [13], 3) MFBM and all 
executed at the edge (all edge) [8], 4) MFBM and all executed 
locally (all local) [8].  

Fig.2 shows that with the increasing number of smart 
devices, the energy consumption of the proposed mechanism 
is always lower than other techniques. No cache and LRU can 
be regarded as the comparison mechanism of MFBM, and all 
edge and all local can be regarded as the comparison 
mechanism of TSCOM. The experimental results not only 
prove the effectiveness of the overall mechanism proposed in 
this paper, but also prove the respective roles of MFBM and 
TSCOM. For each mechanism, add up the energy 
consumption, the proposed mechanism is 40.08%, 10.96%, 
31.57% and 32.52% lower than technique1, 2, 3 and 4. 

 
Fig. 2. Energy consumption as the number of smart devices increases 

Fig.3 shows that as the average data size of computation 
task changes, the proposed mechanism can still obtain the 
minimum energy consumption. For each mechanism, add up 
the energy consumption, the proposed mechanism is 24.15%, 
7.69%, 13.87% and 19.18% lower than technique1, 2, 3, 4. 

 
Fig. 3. Energy consumption as the average data size increases 

Fig.4 shows that with the increasing of average 
computation complexity, the energy consumption of the 
proposed mechanism is always lower than other techniques. 
For each mechanism, add up the energy consumption, we can 

get that the proposed mechanism is 14.16%, 6.75%, 8.84% 
and 17.69% lower than technique1, 2, 3 and 4. This 
performance will become more significant as the average 
computation complexity increases. 

 
Fig. 4. Energy consumption as the computation complexity increases 

Fig.5 shows that as the size of edge cache space increases, 
the energy consumption decreases, and the energy 
consumption related to proposed mechanism decreases 
significantly. When the edge cache space size is 100, the 
energy consumption of proposed mechanism is 32.58%, 
15.49%, 35.94% and 25.62% lower than technique1, 2, 3, 4. 

 

Fig. 5. Energy consumption as the edge cache space size increases 

It can be seen from the above simulation results that adding 
sharable cache on the edge server can significantly reduce 
system energy consumption (compared with technique 1). 
The multi-factor-based edge server sharable cache 
management and update mechanism (MFBM) proposed in 
this paper is effective (compared to technique 2). What’s 
more, the two-scenario computation task offloading 
mechanism (TSCOM) proposed in this paper also shows 
better results (compared to technique 3 and 4).  

VI. CONCLUSION 

In this paper, we propose a computation offloading 
mechanism based on edge server shareable cache. We first 
propose a four-tier architecture. Subsequently, a resource 
constraint optimization model combining communication, 
computing, and caching is established. Then, we design a 
multi-factor-based edge server sharable cache management 
and update mechanism, and propose a two-scenario 
computation offloading mechanism. Finally, we prove the 
effectiveness of the proposed mechanism through simulation. 
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