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Abstract

The dynamic and distributed nature of the "End-Edge-Cloud” collaborative architecture
increases the uncertainty of task offloading decisions, leading to higher computational
latency and energy consumption. This paper proposes the Improved Puma Optimization
Algorithm (IPOA) to address the multi-objective optimization problem in the "End-Edge-
Cloud" collaborative architecture. The IPOA enhances the traditional Puma Optimization
Algorithm (POA) by introducing an adaptive solution acceptance strategy driven by
charging dynamics and the Levy flight mechanism. Additionally, a multi-objective
optimization model considering both latency and energy consumption is established.
The IPOA effectively solves the multi-objective optimization problem. Experimental
results demonstrate that, compared to various benchmark algorithms (such as
POA,GWO, ABC, KOA, DE, and GA), the proposed algorithm reduces latency by more than
14% and energy consumption by more than 31%.
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1. Introduction

In recent years, smart mobile devices (SMDs) used in various industries [1], transportation [2],
and the Internet of Things (IoT) [3] have generated a massive amount of computational tasks.
These tasks demand exacting performance requirements, including ultra-low latency and
energy consumption. Although Mobile Cloud Computing (MCC) was proposed to satisfy such
needs, it has become inadequate for real-time and resource-intensive applications [4],[5]-
Consequently, Mobile Edge Computing (MEC) is proposed as a complement to MCC. It involves
deploying MEC servers in the Radio Access Network (RAN) to sink the computing power of
cloud servers to the edge of the wireless network where the SMDs are located [6]. However,
MEC servers generally offer fewer resources than MCC and may not be sufficient for highly
resource-demanding tasks [7].

To address these limitations, the "End-Edge-Cloud" collaborative architecture has gained
prominence as an enhancement of both MCC and MEC. By coordinating resources among SMDs,
edge servers (ESs), and cloud data centers (CDCs), this architecture more effectively handles
diverse workloads while providing notable gains in latency and energy consumption [8],[9].
Nonetheless, because the dynamic and distributed nature of the "End-Edge-Cloud"
collaborative architecture increases the uncertainty of task offloading decisions, optimizing
energy consumption and delay remains a significant challenge. To address these challenges,
some studies [10],[11],[12] have focused on minimizing system delay, whereas others
[13],[14],[15] have concentrated on reducing energy consumption. Different from previous
research, this paper formulates the task offloading problem in the "End-Edge-Cloud"
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collaborative architecture as a multi-objective optimization problem, simultaneously
addressing energy consumption and delay. Furthermore, the optimal solution is derived
through a multi-objective evolutionary algorithm without imposing preset weights on the
objectives.

Specifically, the main contributions of this paper are as follows:

1) In order to better deal with the tasks of mobile devices, this work models a multi-objective
optimization task offloading problem that considers the delay and energy consumption in the
"End-Edge-Cloud" collaborative architecture.

2) By introducing an adaptive solution acceptance strategy driven by charging dynamics and
the Levy flight mechanism of POA. This work propose IPOA,which is not easy to fall into the
local optimum, and it further accelerayes the speed of convergence to the global optimum.

3) The simulation results show that the IPOA converges to the approximate optimal solution
with high efficiency and effectiveness of the optimization objectives, and it also reflects the
necessity of "End-Edge-Cloud" collaborative architecture.

2. Related Work

In this section, relevant studies are examined in terms of both task latency and energy efficiency
in MEC.

Yang et al.[16] proposed an OONS strategy based on an MDP model, obtaining the optimal
offloading time through VIA. Chen et al.[17] proposed an algorithm to optimize the average task
delay, achieving delay minimization. Wang et al.[18] proposed a distributed computation
offloading algorithm using the MFG, achieving delay minimization. Wang et al.[19] proposed a
joint optimization algorithm, which significantly reduces total latency and demonstrates strong
performance. Zhu et al.[20] jointly optimized the NOMA-based transmission duration and
workload offloading allocation among edge computing servers, aiming to minimize task
computation delay. Deng et al.[21] proposed an autonomous partial offloading system for
delay-sensitive computation tasks in MEC systems, achieving minimum-delay offloading
services to enhance QoS. Wu et al.[22] proposed a UAV MEC system based on URLLC offloading,
optimizing UAV positioning to significantly reduce computation delay. Chen et al.[23] proposed
a DAG-based multi-task computation offloading strategy to reduce average energy-time cost for
all users. Pendo et al.[24] proposed a hybrid method based on PSO and the GWO, reducing
overall energy consumption. Zhao et al.[25] proposed a Lyapunov-based online energy
consumption optimization algorithm, which achieves better energy performance while meeting
system constraints. Liu et al.[26] proposed a deep reinforcement learning approach based on
multi-agent proximal policy optimization to reduce energy consumption. Jing et al.[27]
proposed a particle swarm optimization method based on genetic learning, significantly
reducing the total energy consumption of the entire system. Chen et al.[28] proposed an energy-
efficient offloading strategy based on an adaptive particle swarm optimization algorithm,
achieving notable energy reduction.

In general, the above studies do not focus on the issue of task offloading to optimize task latency
and energy consumption at the same time. This paper investigates task offloading in the "End-
Edge-Cloud" collaborative architecture and introduces an enhanced computational offloading
method aimed at minimizing both task latency and energy consumption. Finally, a new
optimization algorithm, IPOA, is proposed.
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3. System Model and Problem Formalation

This section introduces the "End-Edge-Cloud" collaborative architecture, along with the
communication and computational models. For the convenience of the readers, the symbols
that will be used are presented in Table 1.

Table 1. Notations For System Model.

Symbol Meaning
M Set of smart mobile devices
Set of edge nodes
L Set of tasks
R, Whether SMD i is in the service area of ESu
B Wireless channel bandwidth
D Transmission power of SMD i
et Wait power consumption of SMD i
D, Distance between SMDiand ESu
r, Coverage radius of ESu
a Path loss factor
giu Wireless channel gain between SMDi and ESu
B, Background noise
T, Task j of SMD{
X Offloading decision set for all SMDs computing tasks
X, ; Offloading decision for the computation task 7;
a;; Input data size of task 7
b, ; Total number of CPU cycles required for task 7,
< Completion deadline of computation task 7, ,
f Computing capability provided by SMD i
e Energy consumption per CPU cycle by SMD
n Transmission rate of computation task 7
e Maximum power that SMD i can provide
F, Computing capability provided by ESu
[ ESu provides computing capability for task T,
/. Available computational capacity in the CDCs
L Latency of computation ESu
/8 Limited link bandwidth
Npop Size of population
exp Exponential function
Iter Current evolutionary generation
Maxlter Maximum evolutionary generation
Puma,,,, Optimal solutions for population
Dim Dimension of the problem
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3.1. Overview of System Architecture
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Fig. 1 "End-Edge-Cloud" collaborative architecture.

As shown in Fig.1, we consider an "End-Edge-Cloud" collaborative architecture, consisting of a
CDCs, n ESs and m SMDs. The set of SMDs is denoted as M ={l,2,3,...,m}, where m denotes the
m—th SMD, and the set of ESs is denoted as £ ={1,2,3,...,n} ,where n denotesthe n—th ES, and
each ES can communicate with SMDs or CDCs through neighboring base stations. This work
argue that SMDs are capable of running multiple applications simultaneously and issuing

multiple task processing requests for parallel processing. Assume that the number of
computational tasks submitted by each SMD is denoted as L ={1,2,3,...,/}. Forany SMD i e M,

the j—th task submitted by it is defined as 7 ;. The processing of each computing task can be

categorized into three ways: 1) local processing on SMDs, 2) offloading to ESs for processing,
and 3) offloading to CDCs for processing. In general, ESs can cover a specific geographic area,
and the SMDs in that area can obtain services through ESs. In the "End-Edge-Cloud"
collaborative architecture, to ensure that the service area of ESs can cover more SMDs, this
paper assumes an overlap in the service area of neighboring ESs. SMDs within the overlapped
region can be randomly selected from multiple ESs for service. When choosing to offload
computational tasks to ESs for processing, it is necessary to first determine whether the SMD i
to which the computational task belongs is located in the service area of the ES «, denoted by
the binary variable O,, €{0,1}, ie M , ue E.If O,, =1, which indicates that the SMD i is in the

service area of ES u, the node can be used as an offloading decision for all computational tasks

of the ES u and vice versa. The SMD i optional offloading strategy vector can be expressed as
0=1{0,,,0,,..,0,,,0,,,}.0,,=1and O,,,, =1 since the computational tasks for each SMD can

be processed locally or offloaded to CDCs. To determine whether the SMDs are within the
service area of the ESs, this study assume that the area covered by the ESs is a circle whose area
radius u is denoted as 7, (defined according to the computational power), and denote the

locations of the ESs and SMDs by their coordinates. Calculate the distance R,, between the SMD
i and the ES u .The coordinates of the SMD i and the ES u are the O,, distances from the

(x;,»,) and (x,,y,) points to, respectively, which can be defined as follows:

(1)

iu

1’ lf\ Ri,u S ru’
0, if R, 2,
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R, = \/(xu X))+, =) (2)

3.2. Communication Model

A communication model for wireless access in "End-Edge-Cloud" collaborative architecture.
Each SMD can send requests to ESs that can cover and provide services for it, and each ES has
a dedicated base station to receive transmission-related requests. SMDs need to send requests
to CDCs through ESs.

The offloading decision for the computational task 7,, of SMD i is denoted as
x, ; €10,1,...,n+1} ,where ie M, j € L. In the case of all SMDs for which the computational task

offloading decision vector X = {x, , X, .,...,X,;, X, , X, ;,...,X,,,} is known, the uplink transmission

Lo o

rate of the task to the ESs via the wireless channel at the time of offloading can be computed
according to Shannon's formula [29].

Assuming that the computational task T ; is offloaded to ES u for processing or through ES u

to CDCs for processing, the transfer rate of the computational task 7; ; can be defined as:

7/;"]. — Bl()g2 (1 + pigi,u

). (3)

0

where B is the wireless channel bandwidth, p, is the transmit power of SMD i, the wireless
channel gain between SMD i and ES u is g,,, and B, is the background noise, g,, =D, ,D,, is
the distance between SMD i and ES «, and « is the path loss factor.

3.3. Computational Model

Each computational task can choose to be processed locally, offloaded to ESs covering its range,
or offloaded to CDCs for processing. This work assume that a set of computation tasks are
submitted by SMD i, denoted as T; =1{T;,,T,,,...,T;,} , the computational tasks 7, . ={a, ,.b, ;,c; ;}
are submitted by SMD i. Specifically, o, ; denotes the size of the input data involved in the
computational task 7, ;, b, ; denotes the total number of CPU cycles required to complete the

computational task 7, ;, and ¢, ; denotes the deadline for the computational task 7, ; to be

completed. Next, the calculation of the delay and energy consumption of the computational
tasks in different computing environments is discussed.

Local computation: For the case where the computational tasks of SMDs are processed locally,
this paper first define the local computational power provided by SMDs and the power
consumption for local computation, which are different for each SMD, respectively. It is
assumed that the computational power provided by an SMD i for a task 7, ; is f; (in CPU

cycles/second). It follows that the execution latency of the computational task 7, ; in local

processing can be defined as:

b, .
i ==L ()
J

Second, the energy consumption of the computational task 7; ; in local processing can be

defined as:
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e =b, e (5)

where e denotes the energy consumed by SMD i per CPU cycle. According to the measurement
method in [30], ¢, =5-1077-(£))’.

Edge computing: In the case of edge computing, SMDs must first send computation tasks to ESs
that can serve them via wireless transmission. Then, ESs process the computation tasks instead
of SMDs. Therefore, it is necessary to consider the transmission delay and energy consumption
of the computation task, as well as the execution delay and energy consumption of the ESs to
process the computation task.

Based on the transmission rate 7, ; in the communication model and the size of the input data

involved in the computational task 7 ;, the data transmission delay can be defined as:

a. .
gese =il (6)

i,j,trans

At the same time, data transmission energy consumption can be defined as:

)

edge ij

ei,j,trans = pi 7"_ (7)

i,Jj

Similar to SMDs, we consider different ESs with different total computing power. Assuming that
the total computational power provided by ES u is F, (in CPU cycles/second), define the

computational power assigned by ES u to the computational tasks 7T, ; as /. The execution

delay of task T, ; is defined as:
tedge — # (8)

In addition, there is idle energy consumption in SMDs during the period when ESs are
processing computational tasks instead of SMDs. Therefore, the execution energy consumption
is defined as:

eedge :pwait. i,j.. (9)

Cloud Computing: When the computational tasks of SMDs are offloaded to CDCs for processing,
the SMDs first transmit the computational tasks to the ESs that can serve them via wireless links,
and then the ESs transmit the computational tasks to the CDCs for processing via wired links.
Therefore, it is necessary to consider the data transmission delay and energy consumption for
offloading the input data of the computation task for transmission to the ESs, and the
transmission delay from the ESs to the CDCs. Assuming that the bandwidth of the wired link
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from ESs to CDCs is W, , the transmission delay of the computational tasks 7, , when it is
offloaded to the CDCs is defined as:

_ aiJ ai~./ 10
i,jtrans — r + W . ( )

i,j c

cloud

The transmission energy consumption from ESs to CDCs is recorded as the transmission time
multiplied by the idle energy consumption. Therefore, the transmission energy consumption is
defined as:

a. . a; .
cloud — __ i,j wait i,j
€ =D +p W (11)

i,j,trans
i,j c
Define the computational power of CDCs that can be allocated to the computational task 7, ; as

/., and it is known that the total number of CPU cycles required by the computational task 7, ,

is bi,j . Therefore, the execution time of the computational task in the CDCs can be defined as:

cloud __ 7i,j
ti,j,exe _7 (12)

In the same way that ESs handle computational tasks, SMDs also have idle energy consumption.
Therefore, the execution energy consumption is defined as:

ecloud :plwait_i. (13)

Similar to the study in [31], since the amount of data in the result of task execution is much
smaller than the amount of data in the task input, the result return downlink transmission delay
is often negligible. Based on the above formulas and the offloading decisions of the
computational tasks, the delay and energy consumption of the computational tasks can be
defined as follows:

local . _
ti’j ’ U(‘ xi,j - Oa
— J pedge edge . _
ij ti,j,trans +tl’,j,exe7 U(‘xi,j = 1’ 2’”.’1,[’ (14)
cloud cloud . _
ti’j’”‘"’s + ti,./,exe ’ lf xi,j =n+l.
elucal f = 0
ij 2 ) =0,
— edge edge . B
ei’j B ei,j,trans + ei,j,g)fg’ l-f‘ xl'-j - 15 23 w N, (1 5)
cloud cloud - _
e e if %, =nl.
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Since each SMD has multiple computational tasks to be processed, the total latency and total
energy consumption of SMDs is the sum of all computational tasks.

3.4. Problem Formula

In the case of multiple SMDs, ESs may simultaneously receive task offloading requests from
several SMDs. However, due to the limited computational power of ESs, it may not be possible
to guarantee the optimal level of offloading latency and energy consumption for each SMDs.
Therefore, we propose to optimize the overall latency and energy consumption of all SMDs. We
formulate the offloading problem for mobile device computing tasks with two optimization
objectives to reduce the overall latency and the overall energy consumption of the tasks. The
task offloading problem can be formulated as:

min T(X):z t

o (16)
EX)=) e,
i=l j=l
The objective function can be defined as:
Minimize F=T(X)+E(X). (17)
S.t.
O,=lLieM,ueN. (18)
D S =1, SF ueN. (19)
t,,<¢,ieM,jel. (20)
e, <pric M. (21)
j=1

In Eq.16 calculates the total latency and energy consumption for completing all computing tasks.
The constraints include the coverage condition in Eq.18, the computational resource allocation
limit in Eq.19, the maximum execution time limit in Eq.20, and the energy consumption limit in
Eq.21.

4. Task Offloading Algorithm

In this section, a solution to the previously identified multi-objective optimization problem is
proposed, utilizing the I[POA. The POA is recognized for its robust search capabilities and high
solution rate compared to other intelligent algorithms. However, POA is limited by its global
search ability and solution accuracy during the optimization process. To address these
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limitations, a task offloading algorithm based on IPOA is developed by integrating various
enhancement strategies into the POA.

4.1. Puma Optimizar Algorithm

The POA is a meta-heuristic algorithm inspired by the intelligence and life of the puma [32]. It
proposes unique and powerful mechanisms at each stage of exploration and development that
improve the performance of the algorithm for various optimization problems. In addition, a
hyper-heuristic phase-change intelligence mechanism is proposed, enabling phase-change
operations during the optimization process to balance the two phases effectively.

(1) Exploration phase
In POA, pumas will follow the following strategy to find food can be formulated as:

R, (Ub—Lb)+Lb rand >0.5,
Xo6tG (X, o —X,5)+G-

Zig= (22)
’ (((Xa,G _Xb,G)_(Xc,G _Xd,c))+
((XC,G _Xd,G)_(Xe,G _Xf,G))) rand <0.5.
G=2-rand —1. (23)

where , Ub and Lb are the lower and upper bounds of the problem and R/, are randomly

generated numbers in the range of 0 and 1 and are in the dimensions of the problem. rand is
also a randomly generated number between O and 1. X, ;, X, ;, X, ;, X, ., X,; and X, ; are

solutions in the whole population that are Faces are randomly selected. G is computed using
Eq.23.

new

Z oy J= Juma Or rand <U,
=1y . (24)
X, g»otherwise.

where, Z, ; is a solution generated using Eq.22. j,,, is arandomly

generated integer in the range of issue dimensions.

NC=1-U. (25)
NC
p= . (26)
Npop
X =X ,if CostX <CostX.,
1 new l»f‘ new 1 (27)
U =U + p, otherwise.

In each iteration, according to the condition in Eq.27, the number of dimensions that are
replaced by new solutions increases, and this increase is done using Eqs.(25-27). In Eq.26
Npop is the total number of Pumas. Improving the solution is according to the condition in

Eq.27 in which only the solutions’ dimensions are updated if this condition is met.
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(2) Exploitation phase
1) fast-running strategy

(W). X[ =1 x X,
v pop _ (28)
1+(a-rand )

where, mean(Sol

tota,

;) is the mean of all solutions. X[ is a randomly chosen solution from the
entire population, and £ is 0 or 1. X, is the current solution in the current iteration. « is static
parameters that must be tuned before the optimization procedure.

2) ambush strategy

Simulate pumas making short leaps toward other pumas' prey to generate new solutions:

X,,, = Puma

n

+(2-rand)-exp(rand))- X, — X,. (29)

male
X =round(1+(Npop —1)-rand). (30)

where, Puma,  is the best solution for the entire population.

male
rand, is randomly generated number in the issue dimension, and X, is a randomly chosen

solution that is selected based on Eq.30.
Simulate pumas making long jumps towards the best Puma prey to generate new solutions:

(F-R-X(i)+F,-(1-R)- Puma,,)

X,,, =2-rand )- —Puma, . (31)
(2-rand —1+rand))
where, R, F1,and F?2 are calculated by Eqgs.(32-34), respectively.
R=2-rand —1. (32)
2
F, =rand  -exp(2— Iter -(————)). (33)

MaxlIter

where, [ter depicts the present iteration number and Maxlter signifies the total number of
iterations to perform the optimization

operation.
F, =wx(v)’-cos((2xrand )-w). (34)
where, w, v are calculated by Egs.(35-36).

w=rand,. (35)
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v=rand,. (36)

4.2. Multi-Strategy Improved Puma Optimization Algorithm

1) Levy Flight

The complexity of the POA, particularly in the intelligent selection phase, leads to increased
execution time and memory usage. To address this issue, we introduced the Levy flight strategy.
Levy flight is a random walk model where step sizes follow a Levy distribution with a long-tail
characteristic, enhancing the algorithm's global search capability and effectively avoiding local
optima. Through this strategy, POA is able to accelerate convergence and reduce execution time.
Additionally, Levy flight optimizes search paths, eliminating unnecessary computational steps
and reducing memory consumption. As a result, the Levy flight strategy significantly improves
POA's efficiency and scalability, successfully overcoming the performance bottlenecks caused
by increased complexity and variable numbers. By adding Levy flight operations to the search
for food in the exploration phase, the newly generated solutions are respectively:

R, -(Ub—Lb)+Lb rand >0.5,
XQ’G +G-abs(Ly(i,:))- (XG,G —Xb’G)+

%167 Gabs(Ly(0,)) (X, g — X, 0) (X~ X))+
(X~ Xyo)~ (X=X, o)) rand <05,

(37)

During the development phase, the Levy flight strategy improves on the short-range jumping
behavior of the ambush strategy, allowing cougars to approach other cougars' prey more
efficiently, thus generating new solutions.

X = Puma

new male

+(2-rand )-exp(rand,)-abs(Ly(i,:))- X, — X,. (38)

where, Ly() is the Levy flight function as shown in Eq.39.

u .
Ly =—22, (39)
| VNpop»Dim |§

where, U,y pm ~ N(0,0,),andv, . ~N(0,0,).0,is calculated from Eq.40, o, =1.

L(1+¢)-sin(_) 1
g, =( g2—1 ) (40)

where, ¢ is a parameter used to stabilize the Levy flight.

2) Adaptive solution acceptance strategy driven by charging dynamics (ASAS-CD)

In the exploration phase of POA, the initial value of parameter U is set too low, leading to
insufficient solution space exploration. As the number of iterations increases, the value of U
gradually grows, making it difficult for the algorithm to escape local optima in the early stages.
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When the performance of a new solution is not superior to the current solution, the algorithm
cannot update the solution set, thus missing potential high-quality solutions. To solve this
problem, we propose an adaptive solution acceptance strategy based on the dynamic
phenomenon of capacitor charging. This strategy simulates the nonlinear variation of current
and voltage with iterations during capacitor charging. It dynamically adjusts the acceptance
probability of new solutions based on the cost differences, thereby enhancing the solution set's
diversity and exploration ability, effectively preventing the algorithm from getting trapped in
local optima during the early stages.

To more accurately describe the dynamic changes of current and voltage with iterations and
effectively integrate them into the solution acceptance strategy, a mathematical model based
on charging dynamics is developed. This model introduces parameters such as the nonlinear
function of current variation over iterations, solution cost differences, and internal resistance,
which allow for flexible adjustment of the solution acceptance probability at different stages. It
ensures sufficient exploration of the solution space in the early stages of the algorithm while
gradually converging to the global optimal solution in the later stages. Specifically, the
acceptance probability P of this strategy is defined as:

CostX,,, —CostX,
kL,

P =exp(— )- (41)

where, 7, and V, represent the variations of current and voltage, respectively, and are computed
using Eq.(42-43), where £ is a constant.

t
I =1,-e*. (42)

t
V=V _ -(l—e k). (43)

where, R represents the resistance, C represents the capacitance, /, is the initial current,

V.. is the voltage when the capacitor is fully charged, and ¢ is the current iteration number.

max

Meanwhile, this strategy can adaptively adjust the acceptance probability of new solutions as
the number of iterations increases, complementing the evolution of parameter U and
compensating for the insufficient exploration of the solution space caused by the small initial
value of U . Through this mechanism, the algorithm achieves a good balance between global
exploration and local exploitation, and it gradually converges to the global optimal solution in
the later stages, thereby significantly enhancing overall optimization performance and global
search capability. The improvements in balancing exploration and exploitation as well as
convergence performance provide strong support for the algorithm in finding the global
optimal solution. The new solution update scheme is defined as:

X,=X,,,, if CostX,  <CostX,,
X, =X,,,, otherwise if p>rand,,. (44)
U=U+p,

The process is shown in Table 2.
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Table 2. [POA's task offloading pseudo-code.
Algorithm 1: IPOA's task offloading pseudo-code
Input: Npop , Maxlter

Output: The location of Puma and its fitness value

: Initialize the random population

: Calculate the fitness value of each solution using Egs.(16-17)

: Start Unexperienced Phase
: for iter <1 to3do

: for iter <~ 1 to Npop do

if rand > 0.5
Update the location vector using Eq.34

1
2
3
4
5: Start Exploration Phase
6
7
8
9

else

10: Update the location vector using Eq.34

11: Replace the newly solution with the current solution using Eq.38
12: Start Exploitation Phase

13: for iter <—1 to Npop do

14: if rand £0.5

15:  if rand > Q

16: Update the location vector using Eq.35
17: else

18: Update the location vector using Eq.29
19: else

20: Update the location vector using Eq.26
21: if fitness X, < fitness X,

22: X, =X

new

23: Start Unexperienced Phase
24: for iter < 4 to Maxiter do

25: if Scorey,,,, <Scorey .,

26:  Execute lines 5-11 Update the location vector
27: else
28:  Execute lines 12-22 Update the location vector

29: Calculate fitness values in XNeme

< fitness X,

using Eqs.(16-17)

30: if fitness X, p..,
31 X, =X

best NewBest

est

32:return X

best

4.3. IPOA Time Complexity
The total time complexity is O((2T +1)x N*xNx D) where T is the maximum number of

iterations, D is the dimension of the issue, and N is the total number of populations.

5. Experimental Evaluation

In this section, we evaluate the proposed task offloading algorithm through simulation
experiments and numerical studies. All tests are performed on a server with the following
specifications. Processor specification is Intel(R) Xeon(R) Gold 5218 CPU @ 2.30GHz 2.29 GHz,
RAM size is 64.0 GB. The installed operating system is Windows 11 Professional 64-bit. All
simulation experiments were done using Matlab programming language.
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5.1. Simulation Setup

In our simulation, the total number of ESs is set to 3. The ESs are distributed according to a
given coordinate law and the radius of the coverage area is 50 m, 30 m and 40 m. The total
number of SMDs is set to 50, and there are multiple computational tasks to be processed
simultaneously by each device. SMDs are randomly allocated within the coverage area of ESs or
can be repeatedly covered by multiple nodes. For computational tasks that require SMDs to
process, we assume that the input data size of each task is between {500-3000} KB, the total
CPU cycles are randomly allocated from {1,2,3,4,5} Gigacycles [33], and the maximum
completion time of the task is 2s. The maximum energy consumed by SMDs to accomplish their
own tasks is 10w. Considering the heterogeneous computational capabilities of SMDs and ESs,
we define the computational capacity that SMDs can provide as {0.5,0.6,0.8,1} GHz [34]. The ESs
with high computational power cover a larger area, and the total computational power of the
edge nodes is {150, 90, and 120} GHz, respectively. The total computational power of the CDCs
is much larger than that of the ESs. The power provided by the CDCs for each task is set to 20
GHz [35]. ESs wireless channel bandwidth B = 10MHz, background noise B, = -100dBm [36].

We set the channel gain g,, = R, where R is the distance between SMD i and ES u, and the
path loss factor a =4 [37].

5.2. Experimental Parameters

We compare the I[POA with:

Puma Optimizar Algorithm (POA)

Genetic Algorithm [38] (GA)

Grey Wolf Optimizer [39] (GWO)

Artificial Bee Colony Algorithm [40] (ABC)

Kepler Optimization Algorithm [41] (KOA)

Differential Evolution Algorithm [42] (DE)

We set the number of iterations to 100. the population size of each algorithm is set to 30. Each
algorithm is evaluated by executing the results 30 times. We set the parameters of the
comparison algorithms as shown in Table 3.

Table 3. Algorithm Parameter.

Algorithm Parameter Value
POA PF1 0.5
PF2 0.5
PF3 0.5
U 0.2
DE F 0.4
CR 0.1
GWO a [0,2]
rl [0,1]
r2 [0,1]
KOA lambda 15
MO 0.1
Tc 3
ABC CN 30
MN 30
GN 30
GA Cross 0.6
mutation 0.01
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5.3. Comparison of POA and IPOA

In this section, we focus on analyzing how the proposed algorithms are affected by the
improved operation of the individual selection strategy with Levy flights and ASAS-CD.
Therefore, we will experimentally determine how the different task sizes and parameters
defined in Table 4 affect the performance of POA and IPOA. In this experiment, we use three
different measures, including averages of completion time, energy consumption, and fitness.

Table 4. Description Of The Data Set.

No SM name No.of tasks No.of edges CCin mega Qin in mega
1 SM_1 600 3 [1,5] [500,3000]
2 SM_2 800 3
3 SM_3 1000 3
4 SM_4 1200 3
5 SM_5 1400 3
6 SM_6 1600 3
7 SM_7 1800 3
8 SM_8 2000 3
9 SM_9 2500 3
10 SM_10 3000 3

Table 5 shows the classification results of the two algorithms (POA and IPOA) based on the
above metrics. We can see from the results that IPOA outperforms POA on all datasets. It scores
higher on all performance metrics. The results make clear the role of the added improvement
operations in enhancing the behavior of the standard POA.

Table 5. Poa And Ipoa Results Using The Table 4 Dataset.

No TG name Avg.Delay Avg.Energy Avg.Fitness
POA IPOA POA IPOA POA IPOA

1 SM_1 0.4191 0.2885 0.2901 0.2178 0.7092 0.5063
2 SM_2 0.5026 0.3205 0.3998 0.3042 0.9025 0.6247
3 SM_3 0.5722 0.3153 0.5660 0.3309 1.1382 0.6462
4 SM_4 0.5672 0.3024 0.4488 0.2730 1.0160 0.5727
5 SM_5 0.5259 0.3067 0.4008 0.2415 0.9267 0.5482
6 SM_6 0.5191 0.3117 0.4752 0.3129 0.9943 0.6246
7 SM_7 0.5507 0.3540 0.5148 0.4008 1.0655 0.7548
8 SM_8 0.5618 0.3184 0.5174 0.2757 1.0793 0.5905
9 SM_9 0.6096 0.3219 0.6198 0.3159 1.2293 0.6378
10 SM_10 0.8561 0.4345 0.7899 0.3048 1.6460 0.7393

Table 5 shows the overall results of the POA and IPOA algorithms across the 10 datasets
presented in Fig.2. IPOA's shortest completion time is 3.2739s, outperforming POA's 5.6843s,
demonstrating greater efficiency. Additionally, IPOA's energy consumption is less than 3], while
POA's is close to 5], indicating a significant reduction in energy consumption. IPOA’s fitness
score is 6.2514, compared to POA's approximately 11, showing better performance in task load
distribution and system optimization. These results demonstrate that IPOA has clear
advantages in multi-objective optimization, including latency, energy consumption, and fitness,
making it a superior task offloading solution.

43



Frontiers in Science and Engineering Volume 5 Issue 12, 2025
ISSN: 2710-0588

Total Delay Total Energy Total Fitness

Performance Measures

Fig. 2 Measuring total performance values of POA and IPOA using different datasets.

5.4. Comparison of IPOA with Other Algorithms

This subsection compares the performance of the proposed algorithm with GA, GWO, ABC, KOA,
and DE using the dataset defined in Table 4. Three performance metrics (latency, energy
consumption, and fitness function) are used to evaluate the effectiveness of the algorithms. We
run each algorithm 30 times on each dataset. Therefore, we calculate the average value of each
performance metric used ( PerM ) using the following formula.

30
z PerM,

avg.PerM = ZZIT (45)

Where PerM, is the performance metric value obtained by running the algorithm on the dataset.

Fig.3 show that the proposed IPOA algorithm achieves a lower average completion time across
all datasets compared to other algorithms, with a smaller increase as the dataset size grows,
demonstrating higher efficiency and stability. Fig.4 further confirms this, with IPOA's total
average completion time being 4402.3023s, significantly better than the second lowest, the
GWO algorithm 5158.9179s, while the GA algorithm has the highest total completion time,
reaching 11120.252s. This indicates that IPOA offers significant advantages in multi-objective
optimization for task offloading, making it suitable for efficient processing of complex tasks.

Avg. Completion Time

3 5 o o A

Datasets

Fig. 3 Completion time results using the adoption dataset.
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Fig. 4 The total average completion time is obtained by running each comparison algorithm
on the adopted dataset.

Fig.5 shows the average energy consumption of different algorithms across multiple datasets.
As dataset size increases, IPOA demonstrates the most stable and lowest energy consumption,
outperforming other algorithms, especially on large-scale datasets. Fig.6 summarizes the
average energy consumption after 30 runs, with IPOA having the lowest at 2193.0238],
followed by GWO at 3216.2887], and GA with the highest at 11096.509]. Overall, IPOA’s
outstanding performance in energy control and operational efficiency highlights its significant
advantage in multi-objective optimization tasks.
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Fig. 5 Energy consumption results using the adoption dataset.
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Fig. 6 The total average energy consumption value is obtained by running each comparison
algorithm on the adopted dataset.

The fitness value is a key indicator of algorithm performance, reflecting multiple aspects. Fig.7
shows the average fitness values across all datasets, with IPOA consistently maintaining the
lowest value, indicating its clear advantages in optimization, global search ability, and
convergence characteristics. In contrast, algorithms like GA and ABC show higher fitness values,
particularly GA, which may perform poorly due to local optima. Fig.8 further highlights the
differences, with IPOA achieving the lowest fitness value at 6808.1261, while GA has the highest
at 22216.7613, underscoring IPOA’s superiority in optimization efficiency and robustness. In
summary, [POA demonstrates significant competitiveness in solving complex optimization

problems.
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Fig. 7 Results of the fitness function using the adopted dataset.
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Fig. 8 Run each comparison algorithm on the adopted dataset to get the total average fitness
function value.
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Fig.9 illustrates the performance of each algorithm across various metrics. GA shows the
highest delay at 678.4s, while IPOA has the lowest at 265.1s, confirming its advantage in
reducing latency. GWO performs well with a delay of 298.5s but still falls short of [IPOA. In terms
of energy consumption, IPOA excels with a value of 104], far outperforming other algorithms,
while GA performs the worst at 669.7]. Regarding fitness, IPOA achieves 369.1, significantly
better than GWO’s 442.6 and GA’s 1348.1. ABC and KOA also show higher fitness values at
1093.5 and 1084.4, indicating shortcomings in global optimal search. Overall, IPOA
outperforms in delay, energy consumption, and fitness, showcasing superior global search
capability and convergence, especially in energy efficiency and latency reduction, further
proving its exceptional performance in complex optimization tasks.

From a large number of experiments, we can infer that the algorithm significantly outperforms
other metaheuristics in terms of energy savings and delay reduction.
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Fig. 9 Total average performance metrics for the SM_3 dataset.
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6. Conclusion and Future Work

Efficient task offloading strategies are critical for optimizing performance and enhancing
computational efficiency in the "End-Edge-Cloud" collaborative architecture. Given the
heterogeneity, dynamics, and multi-constrained nature of task offloading scenarios, traditional
algorithms struggle to effectively address complex multi-objective optimization requirements.
To this end, this paper proposes IPOA that integrates multi-strategy optimization techniques,
significantly enhancing its adaptability to complex task offloading scenarios. Experimental
results demonstrate that the proposed algorithm outperforms traditional methods in terms of
global search capability, latency optimization, energy efficiency, and stability, exhibiting
superior comprehensive performance compared to other state-of-the-art optimization
algorithms.

Future research will focus on how to reasonably partition tasks into multiple subtasks and
based on the dependencies between subtasks, further develop task offloading optimization
algorithms suitable for the End-Edge-Cloud" collaborative architecture.
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