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ABSTRACT: As Internet of Things (IoT) applications expand, Mobile Edge Computing (MEC) has emerged as a
promising architecture to overcome the real-time processing limitations of mobile devices. Edge-side computation
offloading plays a pivotal role in MEC performance but remains challenging due to complex task topologies, con-
flicting objectives, and limited resources. This paper addresses high-dimensional multi-objective offloading for serial
heterogeneous tasks in MEC. We jointly consider task heterogeneity, high-dimensional objectives, and flexible resource
scheduling, modeling the problem as a Many-objective optimization. To solve it, we propose a flexible framework
integrating an improved cooperative co-evolutionary algorithm based on decomposition (MOCC/D) and a flexible
scheduling strategy. Experimental results on benchmark functions and simulation scenarios show that the proposed
method outperforms existing approaches in both convergence and solution quality.

KEYWORDS: Edge computing offload; serial Isomerism applications; many-objective optimization; flexible resource
scheduling

1 Introduction

The Internet of Things (IoT) generates numerous high-density, low-latency tasks—such as augmented
reality and gaming—on mobile devices [1,2]. However, limited computational power and energy severely
constrain device performance [3,4], hindering IoT development. While cloud computing offers elastic
resources [5], it suffers from latency and congestion due to long-distance transmission. Mobile Edge Com-
puting (MEC) mitigates these issues by enabling low-latency, localized computation through edge servers [6].
Computation offloading, a core MEC component, poses significant challenges due to task dependencies,
resource constraints, and conflicting objectives. Recent studies tackle challenges like complex task topologies
and conflicting goals such as minimizing delay versus energy consumption [7,8]. Subtasks may have serial
or parallel dependencies, requiring careful offloading decisions. Most research, however, focuses on low-
dimensional problems and rarely considers scenarios with more than four objectives, common in real MEC
systems. This gap motivates the need for scalable and robust offloading algorithms.

To tackle these challenges, this paper investigates high-dimensional multi-objective computation
offloading for serial isomerism tasks, emphasizing serial task structure, multi-objective complexity, and
flexible scheduling. We formulate the problem as a Many-objective optimization model and propose a hybrid
framework integrating an improved MOCC/D algorithm with a task-aware scheduling strategy. Experiments
on benchmarks and simulations validate the effectiveness of the proposed method over existing approaches.
The main contributions of this paper are summarized as follows.
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«  We propose a flexible offloading model for MEC with serial isomerism tasks, tackling high-dimensional
optimization across makespan, delay, energy consumption, and energy balance, while capturing task
dependencies, resource heterogeneity, and objective conflicts.

o We propose a new oftloading solution framework that integrates an improved MOCC/D algorithm
with a flexible scheduling strategy. The MOCC/D incorporates decomposition-based co-evolution,
cumulative-probability-guided mating selection, and HV-based evolution switching to improve search
performance in high-dimensional spaces. The scheduling module introduces a task-aware double-
layer encoding, greedy decoding, randomized initialization, and crossover operations tailored to serial
task execution.

«  Experimental results on benchmarks and simulations confirm that our approach outperforms existing
methods in convergence, diversity, and resource efficiency for high-dimensional offloading tasks.

The paper has six sections: Section 2 reviews related work; Section 3 presents the model; Section 4
introduces the algorithm strategy; Section 5 shows experiments; Section 6 concludes the work.

2 Related Works
2.1 Application Topology for Edge Computation Offloading

Application topologies in MEC offloading fall into two categories: full-offload and partial-offload. The
full-offload model handles tightly coupled applications as a whole and is typically NP-hard [9], often solved
via heuristics such as artificial fish swarm algorithms [10] or optimization of CPU frequency, transmission
power, and UAV path planning [11]. Partial-offload divides tasks into subtasks, forming streaming or
workflow structures. Prior work has explored parallel streaming under mobility reinforcement learning with
energy harvesting [12], and dependency-aware grouping to reduce latency [13]. More recent approaches
include distributed deep reinforcement learning for scalable oftfloading [14] and hybrid bio-inspired models
for intrusion detection [15]. However, flexible offloading for serial isomerism tasks—sequential subtasks
differing in type, load, and hardware compatibility—remains underexplored, especially in multi-user, multi-
server MEC settings. This paper addresses this gap by jointly considering structural diversity and execution
constraints in dynamic edge environments.

2.2 Optimization Objectives for Edge Computation Offloading

Computation offloading decisions often aim to minimize makespan, or balance makespan and energy.
Wu et al. [16] proposed a layered algorithm to reduce total makespan, while Gorlatova et al. [17] used prob-
abilistic modeling for makespan minimization. Time-delay constraints linked to deadlines were addressed
by Meng et al. [18] through an online strategy maximizing deadline satisfaction, and by Verba et al. [19] with
penalty terms for violations. To balance makespan and energy, Wang et al. [20] used a weighted sum objective
solved via an improved genetic algorithm, and Li et al. [21] introduced a cooperative edge caching strategy.
However, high-dimensional multi-objective computation offloading in MEC remains underexplored. We
propose an intelligent offloading algorithm based on a flexible optimization framework, combining an
improved multi-objective cooperative co-evolutionary algorithm based on decomposition (MOCC/D) with
a flexible scheduling strategy. This hybrid framework offers enhanced exploration capabilities for solving
high-dimensional multi-objective offloading problems.

3 Problem Modeling

In this section, we present a generic computation offloading system of serial isomerism tasks as
illustrated in Fig. 1. The considered computation offloading system supports the cooperation among multiple
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edge servers and can be applied to the real-world scenario with highly random and dynamic request, e.g.,
smart transportation, smart buildings, smart home. This network is a powerful infrastructure to handle
complex and changeable demand in IOT system.
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Figure 1: The diagram of system model

3.1 MEC Architecture

The proposed offloading system adopts a hierarchical architecture comprising mobile terminals, a
single wireless access point, and multiple edge servers. At the terminal layer, mobile devices are het-
erogeneous, large-scale, and geographically dispersed, functioning collectively in IoT applications where
a single device failure may impact overall performance. Given the prevalence of latency-sensitive and
computation-intensive tasks, energy-efficient management of low-battery devices is critical. These terminals
generate workflows of serial isomerism tasks—subtasks that differ in type and resource demands but
execute sequentially—modeled via function reference graphs to capture dependencies. At the wireless layer,
communication between terminals and the access point uses Orthogonal Frequency Division Multiple
Access (OFDMA), with negligible transmission loss due to the co-location of the access point and edge
servers. At the edge layer, multiple servers collaboratively process oftloaded tasks. Since each server supports
only a subset of software types, verifying compatibility between subtasks and edge resources is essential.
Therefore, an efficient and flexible scheduling strategy is needed to enable parallel execution of tasks.

3.2 System Modeling

In view of the above MEC architecture, mobile terminals of IoT system can be expressed as MD; =
{MD,, MD,, ..., MDy}, in which MD; can be denoted by an eight tuple:

MDi:{C;'/n>ei;Pl‘C)Pin)P;’ij)Pidadi} (1)

where i € [1, N] denotes the terminal number; N is the total number of terminals; ¢!” is the terminal com-
puting capacity; e; is the terminal remaining battery; P, P, P5, and P! represent the power consumption
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in computing, idle, sending, and receiving states, respectively; P¢ is the communication idle power; d; is the
distance between terminal and its nearest gateway node.

Workflow applications of sequential chain can be expressed as Tasks = { Task,, Task,, ..., Tasky}, in
which Task; can be denoted by a four tuple:

Task; = {deadlinei, task; ;,data; j, typei,j} (2)

where deadline; is the soft deadline of Task; and represents the relative urgency; task; ; is the j sub-task
of i task, which satisfies j € [1, O;]; O; represents the sub-task number of i task; data;, jis the input data
volume required of task; j; type;, ; is the task type of task; ;, which only execute on the server installed with
corresponding application software.

Edge server cluster can be expressed as VM, = {VM;, VM, ..., VMy},in which V M} can be denoted
by a two tuple:

VM = {c;, type;} 3)

where k is the server number, which satisfies k € [1, M]; M is the total number of servers; ¢} is the server
computing capacity; type, is the tuple of application software type installed on server VM as the edge
server computing resources are limited.

3.3 Time Computing Model

When task;,j is executed locally, the start time and end time of it are expressed as S"; and F}",
respectively, and its calculation formula is as follows:

F; =87+ 17 .
0, pred(i,j) = &
s - ,f (i, ) N (5)
Es 1+ Tijorj pred(i, j) # @
" datai,j
i (6)
¢
. |0, 0thers 7
i,j—1,j dai:li‘f,Xi,j X j-1=0 and Xij+ Xij-1 %0

where x; ; is the offload decision variable, x; ; = 0 represents that task; ; is executed on the MD;, while
x;,j = k represents that task; ; is executed on the V. My; pred (i, j) is the precursor set of task; j; Tm, ; is
the local execution time of task; j; T; j_1,; is the transfer time between task; ; and task; j_i; r; is the channel
transmission rate. Furthermore, the calculation formula of r; is as follows:

Ph;
ri = Blog, (1 + (IIZ ) (8)
hi=pd™" )

where B is the fixed maximum channel bandwidth; o2 is the fixed channel noise power; A; is the channel
status information; p is the channel power gain at the reference distance; 7 is the path loss objective.
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When task;,; is executed at the edge server, the start time and end time of it are expressed as S ; and
F} ;, respectively, and its calculation formula is as follows:

Fiv,j = S}’,J- + Tiljj (10)
Tij-1,j> pred(i, j) = @
s, = { i predth) g o
max(Fi,j_l + Ti,j—l,j>Rk,i,j) pred(z,]) *J
datai,j
Tv; ;= ” (12)
k

where Tv; ; is the edge execution time of task; j; Ri,; ; is the earliest time that task; ; can execute on server
V My, and it depends on task; ; edge sorting variables y ; ; on server V M. Therefore, the makespan and
time-delay are expressed as:

Makespan; = FT; cxit — ST entry (13)
Timedelay; = |Makespan; — deadline;| (14)

where FT; i is the end time of the last sub-task of Task;, and ST; .,y is the start time of the first sub-task
of Task;.

Makespan represents the total time to complete the task workflow, reflecting system efliciency and
throughput. Minimizing makespan reduces processing time, improving resource utilization and perfor-
mance. In contrast, time-delay measures the deviation from a task’s deadline, indicating the system’s ability
to meet real-time requirements. Minimizing time-delay ensures timely execution and enhances user satis-
faction by reducing deadline violations. These metrics provide a comprehensive view of time performance:
makespan addresses global scheduling efficiency, while time-delay focuses on meeting individual task
deadlines. Optimizing both simultaneously enables more effective time-related system performance.

3.4 Energy Computing Model

The energy consumption of a mobile terminal includes both computational energy and communication
energy, which are further divided into active and idle states. We consider energy usage comprehensively to
optimize two critical system-level objectives: minimizing total energy consumption and ensuring energy
balance across devices. The computing module of mobile terminal includes running and idle states, and the
calculation of them is as follows:

Oi data; j max (1 = Xi,j» 0)

Ei =P} " (15)
=1 ¢
Oi data; ;max(1-x; ;0
E!=P] (Makespani -3 s m( a )) (16)
=1 ¢
E'=E° +E" (17)

where E¢ is the energy consumption at the running state; E? is the energy consumption at the idle state; E}
is the total energy consumption from computing module.
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The communication module of mobile terminal includes send, back and idle states, and the calculation
of them is as follows:

Yi,i,j
E;=P; > Tjj1j»xij1=0and x;;+0 (18)
j=1
b h)’k,i,j
Ei = pi Z T,',j_l,j,x,‘)j_l +0 and Xij = 0 (19)
=1
d_ pd &
E{ = P! | Makespan; — Z T j-1, (20)
j=1
2 b d
E?=E +E’+E: (21)

where ES is the energy consumption at the send state; E? is the energy consumption at the back state; E¢ is
the energy-consumption at the idle state; E? is the total energy consumption of communication module.

Therefore, the total energy consumption E; and energy-balance SOC are as follows:

E;=E} +E; (22)

1 ZN 1 ZN ’
N i=1((e ) N i=1(ey )) 29
3.5 Optimizing Objectives

To achieve the purpose of prolonging the lifetime of IoT system, we introduce the high-dimensional
multi-objective computation offloading problem in terms of combine makespan, time-delay, energy-
consumption and energy-balance optimization objectives. The following optimization objectives are
designed:

min f; (x, y) = Zfil (Makespan;)
min f, (x, y) = YN, (Timedelay; )
min f5 (x, y) = XN, (E;)

min f; (x,y) = SOC

(24)

where fi (x, y) is the total makespan of mobile terminals; f, (x, ) is the total time-delay of mobile terminals;
f3 (x, ) is the total energy-consumption of mobile terminals; fs (x, y) is the remaining power-balance of
the mobile terminals. And variable constraints include: the offload decision variable is constrained by x; ; €
[0,1]; the edge sorting variables is constrained by y.;,; < ¥ O;.

4 Model Solution Strategy

To address these challenges, we model the computation offloading problem as a Many-objective
optimization task and propose an intelligent oftfloading algorithm based on a flexible optimization frame-
work. The proposed MOCC/D incorporates cooperative co-evolution, cumulative probability-based mating
selection, and multi-evolutionary switching using HV. The proposed flexible scheduling strategy feature a
double-layer coding scheme, pluggable greedy decoding, randomized population initialization, and line-
order crossover, to effectively solve the scheduling of serial isomerism tasks. Source code for the proposed
framework is available at https://github.com/Changpuqing/ CMC_MEC.git (accessed on 21 August 2025).
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The algorithm functions as an offline optimization engine, intended to be deployed on resource-relatively-
abundant edge servers or cloudlets. Its purpose is to generate pre-computed task-offloading strategies or
periodic resource allocation plans (e.g., re-optimized every few minutes or hours based on predicted network
states and task loads) for the underlying terminal devices.

4.1 Proposed MOCC/D

High-dimensional multi-objective problems with over four objectives challenge MOEAs due to poor
convergence and rising computational complexity from many non-dominated solutions [22]. Although
methods like MOEA/D [23], RVEA [24], BiGE [25], and MEMO [26], balancing convergence and diversity
remains difficult. We propose MOCC/D, an improved cooperative co-evolution algorithm that decomposes
the problem into single-objective subproblems to reduce complexity and enable subpopulation cooperation.
A mating selection alternates between nearest and farthest individuals using cumulative probability to
balance convergence and diversity. Two evolutionary strategies switch adaptively based on the hypervolume
(HV) of an extra population to enhance convergence to the Pareto front.

4.1.1 Cooperative Co-Evolution Strategy Based on Decomposition

The cooperative co-evolution strategy adopts a divide-and-conquer approach to significantly reduce the
search space and computational complexity. Specifically, the complete variable set is divided into multiple
segments, and the population is partitioned into corresponding subpopulations. Optimal individuals from
each subpopulation are combined to form complete solutions for fitness evaluation. Subpopulations then
evolve independently to generate new populations. To address multi-objective problems and further reduce
computational complexity, a cooperative co-evolution strategy based on decomposition is designed. This
transforms multiple objectives into a series of single-objective subproblems, enabling cooperation among
subpopulations. Uniform weight vectors are generated using the simplex lattice method, each associated
with a subproblem. Subproblems are evaluated via the Chebyshev scalarization function. Finally, Euclidean
distances between weight vectors define neighborhoods, allowing subproblems to evolve independently.
Algorithm 1 presents the pseudocode of this strategy.

Algorithm 1: Cooperative co-evolution strategy based on decomposition

Input:

M: The size of objective;

N: The size of population;

NP: The size of variable;

Group: The size of variable group;

Output: External archive guidance population EP;

Initialize Group sub-population;
: Initialize target weight vector A1, A5, ..., An;
: Initialize the neighborhood B (i) = {A;,...,A;,} of Aie{l,...,N};
: Initialize reference vector z = (z1,...,zy) " = o fi(pe)> (G =12,...,M);

: Initialize external archive guidance population EP = &;
:while the stopping criteria is unsatisfied do
for m =1: Group do
for n =1: Group && m + n do
The variables of Pop(m) and optimal individual of Pop(n) are spliced;
10: end for

(Continued)
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Algorithm 1 (continued)

11: for k = L Grfu do
12: Randomly choose an individual p, in mating pool and set it to be p; spouse;
13: Generate a new offspring pcy by using genetic operators;
14: Update reference vector z:

ifz; < fj(pex)szj = fi(per)(j=1,2,..., M);
15: Update optimal individual of neighborhood B (i):

if ' (pexldi- 2) < 8 (pelAis 2), pi = pews

16: Update external archive guidance population EP
17: end for
18:  end for

19: end while

NP
Group

iterations, N is the population size, NP is the variables, and Group is the variable groups.

The time complexity of the algorithm is approximately O (T x N x

) , where T is the number of

4.1.2 Mating Individual Selection Strategy Based on Cumulative Probability

Subproblems traditionally select crossover partners randomly within their neighborhoods, making it
difficult to balance convergence and diversity. To address this, we propose a mating selection strategy that
alternates between the nearest and farthest individuals in the neighborhood. The nearest mating individual
is chosen based on the smallest Euclidean distance, while the farthest is based on the largest distance.
Additionally, a switching mechanism driven by cumulative probability controls the alternation. Fig. 2
illustrates this mating selection strategy.

Specifically, the mathematical expression of the switching method based on cumulative probability is as
follows:

Far_Nearest,ating_pool»if rand < P,

ObjeCtmating_pool = { (25)

Random,,ating poor» Otherwise

where Far_Nearest,asing_pool i the strategy for selecting the farthest and nearest mating object, while
Random,ating poor is the strategy for selecting two random mating objects; P,, is the selection probability,
which satisfies 0 < P;, <1 and follows normal distribution. When initializing, p is set as 0.5 and o is set as
1. When the number of iterations reached the set threshold Th,ating poor> 1 is updated and P! is updated
synchronously. The set threshold Threshold ating poor is set as 10 in this paper, and the p update formula is
as follows:

) i
_ ZP;KEPMAT Pm

26
[PMAT] (26)

where Y pi cpprar P! is the cumulative probability of P.; |[PMAT| is the number of P to get better
performance. The PM AT update formula is as follows:

PMAT = PMATJP,,iffur > fur (27)

where f,, is the Chebyshev value of parent individual x/; fx¢ is the Chebyshev value of the offspring
individual x¢.
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Figure 2: The diagram of mating individual selection strategy based on cumulative probability

4.1.3 Multi-Evolutionary Switching Strategy Based on HV

Cooperative co-evolution reduces search space and computational complexity but weakens local search.
To better approach the Pareto front, we introduce a genetic evolution strategy based on cost values. An
external population preserves non-dominated solutions, and switching between two evolutionary strategies
is guided by its hypervolume (HV). When the non-dominated set exceeds capacity, a neighborhood
screening strategy is applied. Fig. 3 illustrates this multi-evolutionary switching strategy.
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Figure 3: The diagram of multi-evolutionary switching strategy based on HV

When the external population’s HV declines continuously past a threshold, the current strategy is
deemed ineffective and switches to another. The mathematical form is:

NuMgec +1, if HV ., < HV
MU goe = dec gen gen—1 (28)
0, otherwise

true, if numgec = THgyitch
ﬂagswitch = . (29)
false, otherwise
where HV ., is the HV value in gen iterative; HV ., is the HV value in gen —1 iterative. numge. is
the continuous declines number of HV. T Hgyich is the switching threshold, which is set as 5 in this paper.
flag_ ..., is the switch flag bit. The calculation formula of HV is as follows:

HV (P*) =volume| | [fi, 7] % .. X [fm> ¥, (30)
fepP*
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where P is the approximate solution set of Pareto frontier, y* = (¥, y5,...,y;,) is the reference point,
which is the 1.1 times of the maximum value of each objective in P*. volume is the volume composed of P*
and y*. The larger HV is, the closer P* is to the real Pareto front.

4.1.4 The Procedure of Proposed MOCC/D

In summary, MOCC/D consists of cooperative co-evolution strategy based on decomposition, mating
individual selection strategy based on cumulative probability and multi-evolutionary switching strategy
based on HV. The pseudocode of MOCC/D is as follows (Algorithm 2).

Algorithm 2: MOCC/D

Input: parameter;

Output: External archive guidance population EP;

1: Initialize parameter;

2: while the stopping criteria is unsatisfied do

3: if flag ., = Ture then

4: Execute cooperative co-evolution strategy based on decomposition, where an individual p, in
mating pool is selected by mating individual selection strategy based on cumulative probability:

5 if rand < P! then

6: Execute Far_Nearest,, 4ting_pools
7: else

8 Execute Random,ating_pools

9: end

10: if m=Thyating poor then

11: Update PMAT, u and P, ;

12: end

13: Update m;

14:  else

15: Execute genetic evolution strategy based on based on cost value;
16: end

17:  Update external archive guidance population EP;
18:  Calculate HV value of EP;
19:  if HVge, > HV,e,y1 then

20: Update numgec;

21:  end

22 if numgec = Thyating poor then
23: Switch flag . 13

24: end

25: end while

4.2 Flexible Scheduling Strategy

Furthermore, based on solving Many-objective optimization with MOCC/D, we proposed a flexible
scheduling strategy, designing a double-layer coding strategy, a pluggable greedy decoding strategy, a
randomized population initialization strategy, and a line order cross evolution strategy, which efficiently
solves the flexible scheduling problem of serial isomerism tasks.
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4.2.1 Double-Layer Coding Strategy

Unlike traditional chromosome coding, a double-layer coding strategy based on task ID and position
order is proposed. Chromosomes are arranged by task ID and subtask order, defining execution sequence
and positions. The task ID chromosome length equals the total number of subtasks; each gene’s integer
indicates the task ID, and its appearance order determines subtask execution order. The position order
chromosome, of the same length, encodes each subtask’s execution position within its feasible set, ensuring
valid solutions. Fig. 4 illustrates a sequence: subtasks T21, T11, T31, T32, T41, T12, T22, T42 with execution
positions VM3, VM4, VM1, VM3, VM2, VM4, VM2, VML1.

chromosome of
task ID

chromosome of 2 4 1
position order

M1 M1 Ml M1 M2 M3 Ml M2

optional execution

position set M3 M2 M2 M2 M3 M4 M2 M4
M4 | M4 M3 M3
M4

Figure 4: The diagram of double-layer coding strategy based on task ID and position order

4.2.2 Pluggable Greedy Decoding Strategy

To reduce the idle time of local terminals and edge servers and shorten the task execution time, a plug-in
greedy decoding strategy is designed, which fetches the execution order and execution position of sub-tasks
in turn, and then inserts the sub-tasks into the available execution position idle interval. Specifically, the
previous sub-task end time of the same task ID (TP) and the previous sub-task end time of the same execution
location (TM) are compared. If the time gap between TP and TM is greater than the execution time of the
current sub-task and TM is greater than TP, the current sub-task can be inserted into the gap, and the start
time is TM. Otherwise, the current sub-task cannot be inserted into the gap and the start time is TP.

4.2.3 Randomized Population Initialization Strategy

To ensure the diversity of individuals in the population, a randomized population initialization strategy
is designed. Specifically, it supposes the chromosome length based on task ID is )" ?:1 N, where N represents
the number of the sub-tasks of task j. When population initialization, task j is repeated by N; times, and then
the vector based on task ID is rearranged. On the other hand, it supposes the optional execution positions
set of sub-tasksis VM (i) = {VM;, VM,,..., VM, }, where m represents the number of optional execution
positions of sub-task i. When population initialization, the sub-task i randomly selects an integer from [1, m],
and then the vector based on position order is rearranged.

4.2.4 Line Order Cross Evolution Strategy

To enhance the global convergence of the evolution strategy, the gene of task ID is defined as a dominant
gene, and the gene of position order code is an invisible gene. The invisible gene is adjusted according to the
change of the dominant gene. Therefore, the line order cross evolution strategy is adopted in the chromosome
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of the task ID. The specific steps are as follows. Firstly, it randomly generates two crossing positions and
exchanges the fragments of two parent individuals between the two crossing positions. Secondly, it deletes the
same gene in the original parent individual as the gene exchanged from another parent individual. Thirdly,
from the first gene position, it fills in the remaining genes outside the two cross positions in turn.

5 Experimental Analysis

To validate the proposed method for Many-objective optimization and computing offloading, bench-
mark function tests and simulation experiments were conducted. Experiments ran on MATLAB 2020b with
an Intel i7-7700 CPU (3.6 GHz) and 16 GB RAM under Windows 10.

5.1 Benchmark Function Experiments
5.1.1 Parameter Setting

The MaF1-MaF6 benchmark functions from the CEC2018 competition were selected with 3, 5, and 7
objectives to represent Many-objective optimization problems. MaF1 and MaF2 feature rule-based frontiers;
MaF3 and MaF4 have multi-modal frontiers; MaF5 presents unevenly distributed frontiers; and MaF6
involves degenerate convex frontiers. Evaluation uses IGD and HV metrics: HV measures convergence and
diversity, while IGD assesses convergence and uniformity. IGD is defined as:

IGD (P*,P) = %*TO’P)

(31)
where P* is the true Pareto front, P the approximate set, and d (0, P) the minimum distance from o to
point set P, where any point o belongs to the P*. Lower IGD indicates closer and more uniformly covered
approximations. Four state-of-the-art high-dimensional MOEAs—MOEA/D, RVEA, BiGE, and MEMO—
were selected for comparison. Common parameters for MOCC/D and these algorithms are in Table 1.
MOCC/D uses an additional population size of 240, while the others are from the EMO platform. The
hyperparameters employed in our study (e.g., population size, crossover and mutation probabilities) were
chosen primarily based on standard practices and default settings widely adopted.

Table 1: Parameter settings

Parameter Settings
Population size 240
Fitness evaluations D x 10* (D is number of decision variables)
Coding method real encoding
Crossover operator Simulated binary crossover (SBX)
Crossover probability 0.8
Mutation operator Polynomial mutation
Mutation probability 1/D

5.1.2 Simulation Results and Analysis

Experiments were run 30 times independently for fair comparison. Tables 2 and 3 present mean and
variance results for IGD and HV metrics, with best performances highlighted. MOCC/D consistently
outperforms four benchmark algorithms across most test cases. For MaF1 and MaF2 (regular fronts),
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MOCC/D excels at 3, 5, and 7 objectives, showing strong global and local search. For MaF3 and MaF4 (multi-
modal fronts), MOCC/D leads at 3 objectives and remains competitive at higher dimensions, though MEMO
slightly outperforms it at 5 and 7 objectives due to complex front adaptation. For MaF5 (uneven fronts),
MOCC/D is less consistent, especially against MOEA/D, indicating challenges in maintaining diversity.
For MaF6 (convex and degenerate fronts), MOCC/D performs best across all dimensions, demonstrating
robustness. Overall, results validate MOCC/D’s effectiveness: decomposition-based co-evolution reduces
complexity, cumulative-probability mating balances search, and HV-guided multi-evolution improves
uniformity and Pareto proximity, confirming its competitive edge on diverse high-dimensional problems.

Table 2: The IGD results after 30 runs of the five algorithms

Fun. M MOEA/D BiGE RVEA MEMO MOCC/D
MaF1 3 4.44E-02 (6.24E-13)  3.73E—02 (2.46E-06)  4.94E-02 (3.48E-08) 2.71E-02 (7.26E-08) 2.38E-02 (2.58E—-08)
5 126E-01(535E-07)  122E-01(127E-05)  2.78E-01 (2.48E-04)  1.07E-01 (6.51E-07)  9.85E-02 (2.22E-07)
7 3.74E-01 (1.75E-03) 1.90E-01 (2.81E-05) 5.00E-01 (1.06E—02) 1.72E-01 (1.83E-06) 1.68E-01 (5.20E-04)
MaF2 3 2.45E—-02 (1.46E-07) 3.06E-02 (1.66E-06)  2.78E-02 (9.38E-07) 1.90E—-02 (4.41E-08) 1.67E-02 (1.69E-08)
5  LIE-01(2.03E-08)  LI7E-01 (L66E-05)  LI6E-01(4.59E-07)  8.89E-02 (L97E-06)  8.11E-02 (L11E-06)
7 1.66E—-01 (5.65E-07) 1.72E-01 (5.49E-05) 1.78E-01 (1.21E-05) 1.21E-01 (2.00E-06) 1.17E-01 (4.81E—-06)
MaF3 3 4.47E-02 (2.87E-06)  4.28E-02 (4.01E-04)  5.84E—02 (5.96E—03) 2.27E-02 (5.36E-06) 2.12E-02 (9.67E-06)
5  108E-01(732E-06)  2.90E-01(L77E-02)  8.76E-02 (3.36E-03)  5.60E~02 (1.02E-06)  6.31E-02 (L69E-04)
7 1.50E—-01 (2.83E-06) 8.61E+02 (1.78E+06) 1.19E-01 (9.40E—-03) 8.83E-02 (1.15E-05) 7.57E-02 (2.08E—-04)
MaF4 3 6.07E—-01 (5.90E—04) 3.21E-01 (1.73E-01) 4.64E-01 (9.74E-02) 1.61E-01 (7.42E-06) 1.56E-01 (6.72E—-05)
5 812E+00 (2.68E+00)  2.15E+00 (3.27E-03)  L99E+00 (8.12E-03)  173E+00 (8.09E-04)  2.62E+00 (2.43E+00)
7 4.29E+01 (1.69E-01) 9.49E+00 (1.46E-01)  8.89E+00 (8.18E-02) 7.13E+00 (9.31E-02) 1.21E+01 (2.72E+01)
MaF5 3 4.86E-01 (9.05E-01) 2.21E-01 (6.27E-05) 1.56E-01 (3.31E-07) 1.60E—-01 (3.02E-06) 9.04E-01 (2.26E+00)
5 812E+00 (2.68E+00)  2.5E+00 (3.27E-03)  L99E+00 (8.12E-03)  173E+00 (8.09E-04)  2.62E+00 (2.43E+00)
7 4.29E+01 (1.69E—-01) 9.49E+00 (1.46E-01)  8.89E+00 (8.18E-02) 7.13E+00 (9.31E-02) 1.21E+01 (2.72E+01)
MaF6 3 2.04E-02 (2.76E-11) 6.40E—-03 (4.26E-07)  3.32E—02 (4.65E—-05) 1.91E-03 (2.62E-09) 1.55E-03 (8.28E-10)
5  723E-02(L87E-02)  LOSE-02(8.54E-06)  735E-02 (2.48E-04)  192E-03 (319E-09)  L58E-03 (1.20E-09)
7 9.65E—-02 (3.75E-02) 1.75E-02 (4.17E-05) 8.04E-02 (1.42E-04) 2.38E-03 (6.26E—-06) 1.55E-03 (6.77E-10)
Table 3: The HV results after 30 runs of the five algorithms
Fun. M MOEA/D BiGE RVEA MEMO MOCC/D
MaF1 3 2.96E-01 (8.93E-12) 2.99E-01 (4.96E-06)  2.85E—-01 (1.45E-06) 3.13E-01 (9.86E—-08) 3.18E-01 (4.37E-08)
5  180E-02(2.12E-08)  182E-02(2.33E-07)  546E-03 (312E-07)  2.06E-02 (4.47E-08)  2.24E-02 (4.89E—08)
7 1.12E-04 (1.79E-09) 4.20E-04 (8.24E-10) 3.11E-05 (2.53E-10) 4.77E-04 (1.12E-09) 5.67E-04 (3.37E-09)
MaF2 3 2.20E-01 (1.27E-07) 2.19E-01 (3.21E-07) 2.13E-01 (1.02E-06) 2.24E-01 (6.91E—-08) 2.25E-01 (3.04E-08)
5 4.99E-02(8.56E-09)  547E-02 (L14E-07)  4.71E-02 (241E-07)  5.50E-02 (121E-07)  5.54E-02 (1.21E-07)
7 1.12E-04 (5.48E-07) 5.69E-02 (1.94E-07)  4.81E-02 (4.72E-07) 5.59E—-02 (1.92E-07) 5.56E—02 (2.98E—-07)
MaF3 3 128E+00 (2.21E-06)  127E+00 (2.14E-04)  125E+00 (.06E-02)  129E+00 (8.44E-06)  1.29E+00 (1.16E—05)
5 159E+00 (4.92E-06)  1.38E+00 (6.32E-02)  160E+00 (1.64E-03)  L61E+00 (1.86E-09)  1.61E+00 (741E-06)
7 1.91E+00 (1.22E-05) 1.94E-02 (1.13E-02) 1.91E+00 (3.54E-02) 1.95E+00 (1.67E-10) 1.95E+00 (2.54E—-06)
MaF4 3 4.49E+01(4.03E-02)  4.58E+01 (1L76E+01)  418E+01(3.09E+01)  4.72E+01(7.62E-02)  4.74E+01 (7.39E—02)
5  576E+02(3.37E+04)  6.83E+03 (5.72E+03)  2.03E+03 (4.23E+05)  6.59E+03 (5.10E+04)  4.20E+03 (1.32E+06)
7 2.91E+04 (4.90E+07) 9.16E+06 (8.05E+11) 9.62E+04 (2.72E+09) 6.50E+06 (3.20E+11) L.93E+06 (2.34E+12)
MaF5 3 452E+01 (8.48E+01)  4.81E+01 (141E-02)  4.92E+01 (3.42E-03)  4.91E+01 (L1I9E-03)  4.22E+01 (1.88E+02)
5 246E+04 (3.73E+07)  4.19E+04 (271E+04)  4.27E+04 (9.26E+05)  4.28E+04 (3.52E+03)  4.03E+04 (1.56E+07)
7 2.25E+08 (1.87E+15) 4.68E+08 (2.24E+12) 4.75E+08 (2.55E+13) 4.76E+08 (5.75E+11) 4.20E+08 (3.09E+15)
MaF6 3 126E-01(1.90E-12)  132E-01(126E-07)  118E-01(149E-05)  134E-01(6.63E-10)  1.34E-01 (2.10E-10)
5  816E-03 (5.95E-06)  9.12E-03 (9.46E-10)  8.31E-03 (158E-08)  9.24E—03 (4.11E-10)  9.26E-03 (6.01E-10)
7 1.95E-04 (1.83E-09) 2.09E-04 (6.54E-13)  1.90E-04 (6.67E-12) 2.11IE-04 (3.77E-12) 2.11E-04 (3.09E-13)
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5.2 Model Simulation Experiment
5.2.1 Data Preparation

Based on [27], we simulate realistic data for the MEC system. Firstly, 10 mobile terminals are randomly
deployed in the communication network, with the computing capacity value ranges from 0.1 x 10° MIPS
to 0.2 x 10° MIPS, the computing power value in the working state and idle state respectively ranges from
100 to 300 mW and 5 to 10 mW, the communication power value in the transmission state and idle state
ranges from 50 to 150 mW and 8 to 15 mW, the remaining battery value ranges from 0.05 to 01 J and the
network radius value from 10 to 100 m. Secondly, the number sub-task of workflow applications ranges from
3 to 7, the data volume value of sub-task ranges from 10 to 50 MB, the type of sub-task ranges from 1 to 5 and
the time deadline of task ranges from 0.1 to 2 s. Finally, the communication network based on routing node
is presented, with the fixed maximum channel bandwidth value of 5 x 10° HZ, the fixed channel noise power
value of 10717, the channel power gain value of 2 and the path loss objective value of 10°*. Meanwhile, 6 edge
servers are randomly deployed in the routing node, with the computing capacity value ranges from 5 x 10°
MIPS to 6 x 10° MIPS and the number of soft type ranges from 2 to 3.

5.2.2 Model Solution Results and Analysis

For fair comparison, experiments were run 30 times independently. Table 4 and Fig. 5 show IGD and
HV comparing MOCC/D with MOEA/D, RVEA, BiGE, and MEMO, with best results highlighted. MOCC/D
outperforms all others in the multi-objective oftloading model, improving mean IGD by 119.44%, 31.31%,
47.98%, and 38.64%, while reducing variance by 62.66%, 20.8%, 75.7%, and 23.56%. For HV, MOCC/D
improves mean performance by 3, 2, 2, and 1 orders of magnitude, though variance is not always better.
Overall, MOCC/D delivers solutions closer to the true Pareto front with more even distribution.

Table 4: The IGD and HV results after 30 runs of the five algorithms

S MOEA/D BiGE RVEA MEMO MOCC/D

IGD Mean 8.69E-01 5.20E-01 5.76E-01 5.49E-01 3.96E-01
Var  6.49E-02 4.82E-02 701E-02 4.93E-02 3.99E-02
Best  3.82E-01 2.36E-01 239E-01 2.10E-01 9.00E-02
HV Mean 8.52E-08 8.23E-07 198E-07 2.71E-06 1.07E-05
Var  1.56E-13 4.34E-12 5.19E-13 1.03E-11  1.00E-10
Best  2.15E-06 1.04E-05 3.09E-06 1.04E-05 9.45E-06

IGD o 210 HV

1.4
.- -
1.2

-
0l
0.8 I | 10 - ¥
0.6 ! E| Q E| I T E|
04l L E| 5 n !

1 1 o !

|
15 |
|

0.2 + ¥ * E I
0 L o} —==— —= = L
MOEAD BiGE RVEA MEMO MOCC/D MOEAD BiGE RVEA MEMO MOCC/D
R TR
(a) (b)

Figure 5: The IGD and HV box diagram after 30 runs of the five algorithms. (a) The IGD box diagram. (b) The HV
box diagram
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Table 5 shows the mean values of each objective for the IGD optimal runs over 30 iterations, with the
best results highlighted. MOCC/D outperforms others in average delay, energy consumption, and energy
balance, reducing delay by 24.11%, 5.11%, 6.12%, and 15.78%, and energy consumption by 18.96%, 1.11%, 4.0%,
and 15.93%. Energy balance improves by 126.55%, 90.06%, 95.76%, and 130.77%. These results demonstrate
MOCC/D’s suitability for time-sensitive MEC offloading, delivering accurate task matching and stable user
experience. Its delay is only 3.6% higher than the optimal, which is acceptable. Overall, MOCC/D exhibits
stronger global and local search performance than the four compared algorithms.

Table 5: The optimization objectives mean value of the optimal IGD in the 30 times

S MOEA/D BiGE RVEA MEMO MOCC/D
Makespan 2.2015E+00 1.9616E+00 2.0372E+00 2.1233E+00  2.0321E+00
Time-delay 1.0827E+00  9.0169E-01 9.2057E-01 1.0100E+00  8.7234E-01

Energy-consumption 4.5975E-02 3.8849E-02 4.0015E-02 4.4590E-02 3.8646E-02
Energy-balance 1.4633E-03  1.2271E-03 1.2644E-03 15013E-03  6.4591E-04

5.2.3 Model Parameter Analysis

To analyze convergence, Fig. 6 shows the population evolution of model objectives using the proposed
MOCC/D. Table 5 indicates good convergence, with makespan, time-delay, and energy consumption stabi-
lizing after about 40 iterations, and energy balance stabilizing after approximately 125 iterations Fig. 6 shows
the evolution of optimization objectives using the proposed MOCC/D algorithm. Makespan, time-delay, and
energy consumption stabilize after about 40 iterations, while energy balance converges around 125 iterations,
indicating good overall convergence.

0.061

0 50 100 150 200 50 100 150 200 0 50 100 150 50 100 150 200
Iterations Iterations Iterations Iterations

L b} el h

Figure 6: The convergence analysis of model optimization objective. (a) Makespan. (b) Time-delay. (¢) Energy-
consumption. (d) Energy-balance

Fig. 7 illustrates the impact of the energy balance strategy on device battery levels. Without it, devices
MD1, MD2, MD5, and MD?7 experience significant depletion. With the strategy, the remaining energy of
MD2, MD5, and MD7 improves by 12.98%, 2.14%, and 0.86%, respectively, effectively protecting low-energy
nodes. Although MDI shows a slight 0.42% drop, it remains within acceptable limits. Devices with higher
initial energy—MD3, MD4, MD6, and MD8—show increases of 1.8%, 8.6%, 47.98%, and 0.9%, respectively.
These results confirm that the strategy redistributes workload to balance energy consumption and prolong
overall system lifetime.
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Figure 7: The distribution of the terminals remaining battery under two conditions

6 Conclusion

This paper addresses high-dimensional multi-objective computation offloading in MEC for serial
isomerism tasks, considering task characteristics, complex objectives, and flexible resource scheduling. We
model the problem as a Many-objective optimization and propose an intelligent offloading algorithm within
a flexible optimization framework, featuring an improved multi-objective cooperative co-evolutionary
algorithm based on decomposition (MOCC/D) and a flexible scheduling strategy. Evaluation on benchmark
functions and simulations demonstrates the superior performance of the proposed approach.
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