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Framework for Two-Stage Task Scheduling
in Mobile Edge Computing
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Abstract—Task scheduling in mobile edge computing (MEC) is
critical for managing latency and energy consumption, especially
under user mobility, which poses additional challenges to schedul-
ing decisions. This paper studies the mobility-aware two-stage task
scheduling (MTTS) problem in MEC systems to minimize energy
consumption at the mobile edge under task deadline constraints.
First, the MTTS problem is formulated as a two-stage optimization
model consisting of two interrelated sub-problems, associated with
task offloading and result downloading, respectively. Then, a dual-
population-based evolutionary computation (DORA) framework
is proposed that can solve MTTS-type two-stage problems by in-
corporating a wide range of swarm intelligence algorithms (SIAs).
The proposed DORA framework employs two populations that run
in parallel, each dedicated to solving one of the two interrelated
sub-problems, to enable effective exploration of the solution space
and improve computational efficiency. The evolutionary process of
each population in DORA consists of three fundamental algorith-
mic components: mapping, evaluation, and updating. In particular,
the mapping component establishes the link between individual
space in SIAs and solution space in the MTTS problem, with
the critical parameter derived through rigorous theoretical anal-
ysis. Furthermore, the inter-population collaboration is realized
through an asynchronous solution transfer mechanism from the
stage-1 population to the stage-2 population, guiding the search
toward high-quality final scheduling solutions. Extensive exper-
iments are conducted on a real-world mobile device trajectory
dataset, incorporating four well-established SIAs to demonstrate
the applicability and effectiveness of DORA.

Index Terms—Mobile edge computing, user mobility, task
scheduling, swarm intelligence algorithm, evolutionary computa-
tion framework.

I. INTRODUCTION

Y DEPLOYING computing resources and services at the
B network edge, mobile edge computing (MEC) has emerged
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as a highly promising computing paradigm. In MEC systems,
mobile devices (MDs) can offload computation-intensive tasks
to edge servers, thereby alleviating the constraints of their
limited computing resources and battery capacity. By com-
putation offloading, MDs can also handle more sophisticated
and resource-demanding applications that were previously un-
feasible due to hardware limitations. To improve computation
offloading performance, task scheduling has attracted a great
deal of attention in MEC-related research. Effective scheduling
strategies can significantly enhance the quality of experience
for mobile users by delivering low-latency and energy-efficient
computing services [1], [2], [3].

Despite extensive research on task scheduling in MEC, several
important challenges remain inadequately addressed. Many ex-
isting studies, in particular, rely on simplified scheduling models
that typically neglect user mobility and its implications [4], [5].
When user mobility is considered, task scheduling becomes
complicated due to the fluctuating distance between the MD and
the edge server located at the base station (BS) to which the MD
is connected. Such distance variations would lead to changes in
the MD’s uplink and downlink transmission rates, consequently
impacting critical factors such as the task transmission duration,
the MD’s communication energy consumption, and the timely
completion of tasks. Therefore, ignoring user mobility when
designing task scheduling algorithms inevitably undermines the
effectiveness of scheduling decisions, ultimately degrading the
quality of user experience. In the context of mobility-aware MEC
scheduling, a fundamental challenge lies in acquiring accurate
knowledge of the user’s trajectory, whether through prediction
or predefined paths. In some practical scenarios, the MD’s trajec-
tory can be predetermined, such as in environmental monitoring,
road cruising, and the agricultural industry. Moreover, recent
studies have developed advanced trajectory prediction methods
that achieve prediction accuracies exceeding 90% [6]. In light
of this, research on mobility-aware scheduling algorithms can
be designed based on known or predicted trajectories [7], [8].

Beyond mobility-related challenges, a commonly overlooked
aspect in task scheduling problems is the computation result
downloading stage [9], [10]. Motivated by the assumption that
the data amount of computation results (edge server = MD) is
much smaller than that of task inputs (MD = edge server), a
considerable number of studies disregard the transmission time

1536-1233 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on August 14,2026 at 05:20:39 UTC from |IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-1138-3225
https://orcid.org/0000-0003-4855-2499
https://orcid.org/0000-0002-7734-4077
https://orcid.org/0000-0002-4841-6051
https://orcid.org/0000-0001-5224-4048
mailto:ylu@njit.edu.cn
mailto:sunj@njust.edu.cn
mailto:jlzhou@njust.edu.cn
mailto:gswei@njust.edu.cn
mailto:lik@newpaltz.edu

YIN et al.: DUAL-POPULATION EVOLUTIONARY COMPUTATION FRAMEWORK FOR TWO-STAGE TASK SCHEDULING

and energy consumption incurred by result downloading [11],
[12], [13], [14], [15]. This assumption limits the applicability of
such approaches to a wide range of application scenarios, includ-
ing high-definition video processing, media format conversion,
remote sensing data interpretation, and mathematical calcula-
tions, where the computation results involve substantial data and
cannot be ignored. This highlights the need for task scheduling
algorithms that take into account both task offloading and result
downloading. By addressing task off-and-downloading prob-
lems, more efficient and broadly applicable scheduling strategies
can be developed, enhancing performance and user experience
across diverse applications.

With the aforementioned challenges in mind, this work inves-
tigates the mobility-aware two-stage task scheduling (MTTS)
problem and develops a dual-population evolutionary compu-
tation framework tailored for two-stage scheduling optimiza-
tion. First, we develop an optimization model for MTTS that
jointly considers task offloading and result downloading stages,
explicitly incorporating user mobility to achieve energy-efficient
scheduling under deadline constraints. Then, we propose a dual-
population evolutionary computation (DORA) framework that
can solve the two-stage MTTS problem based on the search
strategies of swarm intelligence algorithms (SIAs). The two
populations in DORA are evolved in a parallel manner and are
responsible for solving the offloading sub-problem and down-
loading sub-problem in MTTS, respectively. Accordingly, the
two populations are named stage-1/offloading population and
stage-2/downloading population. In DORA, the evolutionary
process of each population comprises three essential algorithmic
operations: mapping, evaluation, and updating. Specifically, the
mapping operation links the individual space in SIAs with the so-
lution space in the MTTS problem, where the critical parameter
is determined through rigorous theoretical analysis. The evalua-
tion operation quantifies the fitness of each individual, reflecting
its effectiveness in solving the corresponding sub-problem. The
updating operation updates the individual attributes based on the
specific SIA that has been chosen. More importantly, the inter-
population collaboration is realized through an asynchronous
solution transfer mechanism from the stage-1 population to
the stage-2 population. Once a better offloading solution is
identified by the stage-1 population, it is transferred to the
stage-2 population to guide its search process, ensuring contin-
uous refinement across the two scheduling stages. Through this
iterative co-evolutionary process, DORA is ultimately capable
of producing high-quality scheduling solutions to the MTTS
problem. The main contributions of this paper are as follows.

1) A two-stage optimization model is formulated for the
mobility-aware scheduling problem MTTS in MEC sys-
tems, with the objective of minimizing the MD’s energy
consumption under task deadline constraints.

2) A dual-population evolutionary computation framework
termed DORA is developed to solve the MTTS problem
by leveraging the search strategies of many SIAs.

3) The two populations in DORA evolve in parallel, each
dedicated to the offloading or downloading sub-problem,
thereby enabling complementary and efficient exploration
of the solution space of the MTTS problem.
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4) The asynchronous solution transfer mechanism allows the
stage-1 population to guide the search of the stage-2 pop-
ulation, such that high-quality solutions can be obtained
through inter-population collaboration.

5) The mapping operator in DORA links the individual space
to the solution space, with its critical parameter rigorously
analyzed and experimentally validated.

In experiments, four highly-regarded SIAs, including bat
algorithm (BA), firefly algorithm (FA), particle swarm opti-
mization (PSO), and cuckoo search (CS), are incorporated into
DORA. Experimental results demonstrate the superior effective-
ness of DORA compared to several state-of-the-art approaches.

This paper is organized into the following sections. Section II
reviews the existing related works. Section III presents the
optimization model of MTTS. Section IV provides the proposed
DORA. Section V shows the experimental results. Section VI
draws the conclusion.

II. RELATED WORK

This section reviews related work from the perspectives of
both problems and problem-solving approaches, i.e., MEC-
related task scheduling problems and dual-population-based
swarm intelligence methodologies.

A. Task Scheduling in MEC Environments

Task scheduling methods are commonly divided into static
and dynamic approaches. Dynamic scheduling approaches han-
dle stochastic task arrivals and time-varying system conditions
through sequential decision-making. Recent studies on dynamic
scheduling have explored learning-based approaches, particu-
larly reinforcement learning [25]. Motivated by scenarios in
which a batch of tasks is known in advance, this paper focuses
on static scheduling due to its clear advantages in maximizing
resource efficiency and ensuring reliable performance in pre-
dictable MEC environments. In this context, we review rep-
resentative scheduling methods targeting diverse optimization
objectives and constraints in MEC systems.

Wang et al. [16] designed an energy-efficient task schedul-
ing scheme based on traffic mapping in a heterogeneous edge
computing architecture for Green IoT scenarios. Parallel tasks
are assigned to heterogeneous edge servers to jointly improve
resource utilization and reduce energy consumption. Lietal. [17]
investigated the task scheduling problem in an MEC environ-
ment with multiple cloud-assisted edge servers, and developed
scheduling algorithms that take into account the heterogeneity of
computation and communication speeds. Lian et al. [18] focused
on the scheduling problem of security-critical tasks in MEC
systems, and proposed metaheuristic algorithms based on the
grey wolf optimizer for searching scheduling solutions. Zhang
etal. [11] studied a security-critical task scheduling problem in a
resource-limited MEC system to optimize tasks’ makespan and
MD’s energy consumption jointly. Zhao et al. [12] introduced
a convex programming-based approach for offloading depen-
dent tasks under the limited service caching capacity of edge
nodes. Huang et al. [19] built a security overhead model for
edge servers, and searched for scheduling solutions to minimize

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on August 14,2026 at 05:20:39 UTC from |IEEE Xplore. Restrictions apply.



12406

MD’s energy consumption under task deadline constraints. Lin
et al. [20] optimized the data transmission time for a scien-
tific workflow while satisfying the storage capacity constraint
of edge servers. The work by Li et al. [13] focuses on opti-
mizing communication and computation resources in deadline-
constrained task offloading scenarios. Lin et al. [21] addressed
the task scheduling problems for deep neural network-based
applications, proposing a metaheuristic to optimize the system
cost. However, the studies discussed above generally assume
a fixed location for the MD to simplify the scheduling model.
In reality, user mobility introduces considerable complexity to
task scheduling problems due to the varying distance between
the MD and the BS. Distance variation would lead to changes
in the MD’s transmission rates, which subsequently affect the
task transmission duration, the MD’s communication energy
consumption, and the timely completion of tasks. Therefore, it is
essential to focus on mobility-aware task scheduling to address
these challenges effectively.

Considering mobility-aware task scheduling, the MD’s
trajectory can be predetermined in some practical scenarios,
such as environmental monitoring or smart agriculture.
Furthermore, recent advancements in trajectory prediction
techniques have achieved satisfactory accuracy, supporting the
feasibility of relying on known trajectories. Within this context,
Saleem et al. [7] proposed a genetic algorithm-based scheduling
strategy to minimize task offloading latency. Zhan et al. [14]
studied the offloading decision and resource allocation problem
in MEC, which assumes that all MDs are moving straight with
a constant speed. Ding et al. [15] proposed three algorithms
for task offloading and service migration, tailored to users with
different mobility patterns. Hua et al. [22] concentrated on the
joint optimization of data transmission and offloading decisions
in cloud-edge collaborative systems, aiming to minimize
MDs’ energy consumption while considering user mobility.
Zhu et al. [23] addressed the task scheduling problem under
deadline constraints and developed approximation algorithms
applicable to various system settings. Wang et al. [24] focused on
the task assignment problem of divisible tasks, aiming to reduce
latency and improve resource utilization. While acknowledging
the valuable contributions of the aforementioned studies, several
limitations remain unaddressed. First, while user mobility is
taken into account, many existing approaches use simplified
mobility models (e.g., straight-line or constant-speed move-
ment) and assume a constant data transmission rate throughout
the offloading or downloading process of an individual task [7],
[23], [24]. Such assumptions deviate from practical MEC
settings, in which the transmission rate may vary over a task’s
transmission interval. This deviation can significantly affect
data-intensive tasks, as these tasks’ prolonged transmission
durations have a pronounced impact on both latency and energy
consumption [7], [14], [15], [22]. For this reason, this work
adopts a fine-grained interval-based transmission model that
allows a task’s data transmission to span multiple slots and reflect
trajectory-induced rate variations. More importantly, in most
mobility-aware scheduling approaches, result downloading
latency is either neglected or treated as a simple additive delay
after task execution. Thus, these models cannot explicitly
capture the feasibility of downloading decisions that depend on
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prior offloading decisions, nor enable effective collaboration
between the two stages. These modeling oversimplifications
would lead to suboptimal task scheduling and resource
allocation, thereby limiting the practical applicability of these
methods in MEC systems.

Table I summarizes the main characteristics of the aforemen-
tioned task scheduling studies. Only a limited number of studies
have taken into account both concerns of user mobility and
result downloading. Moreover, most formulations treat result
downloading as a secondary delay or cost component, rather
than as an explicit scheduling stage. Consequently, the inherent
two-stage structure of the task lifecycle is not fully captured.
These observations motivate the need for a two-stage scheduling
formulation that explicitly accounts for the interdependence
between offloading and downloading under mobility, together
with a dedicated dual-population evolutionary framework to
solve the formulated model.

B. Dual-Population-Based Methodologies

In the literature, numerous methodologies have been devel-
oped in the field of multi-population SIAs [26]. Dual-population
SIAs, as a particular type in the multi-population field, have
garnered attention for enhancing optimization performance. We
then investigate some existing dual-population SIAs from di-
verse perspectives and delineate the distinctions between this
paper and previous studies. Specifically, based on the mechanism
of algorithmic search, the dual-population-based methods can be
classified into three categories.

In the first category, two populations are responsible for
exploration (global search) and exploitation (local search), re-
spectively [27], [28], [29], [30], [31], [32]. For example, Zhong
et al. [27] developed a dual-population evolution algorithm,
which adopts different parameter settings to promote the di-
versity of one population and the convergence of the other
population. In the second category, particularly for constrained
optimization problems (COPs) and constrained multi-objective
optimization problems (CMOPs), two populations search the
solution space with and without considering constraints, re-
spectively [33], [34], [35], [36]. Specifically, Ming et al. [33]
developed a dual-population-based evolutionary algorithm that
explores the solution space by making good use of informa-
tive infeasible solutions obtained from populations that ignore
constraints. In the third category, each population evolves to op-
timize its respective objective optimization [37], [38], [39], [40],
[41]. For instance, Gao et al. [39] presented a dual-population
differential evolution. By treating COPs as a bi-objective op-
timization problem, one population deals with the actual opti-
mization function, and the other aims to minimize the degree of
constraint violations.

Table IT summarizes the main characteristics of several exist-
ing approaches. While acknowledging the significance of these
works, this study goes beyond prior efforts in both problem
complexity and methodological generality. First, the existing
works mainly focus on solving standard COPs or CMOPs, whose
encoding methods and optimization functions would be difficult
to apply to complex MEC scheduling scenarios. Second, to
the best of our knowledge, there is still a lack of a generic
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TABLE I
SUMMARY OF EXISTING STUDIES ON TASK SCHEDULING IN MEC ENVIRONMENTS. (“+” INVOLVED; “-””: NOT INVOLVED).
Task Model Mobility  Offloading  Download Constraint Object
gz 9
Ref. g @ 2 e = 2 '§ - gz e B - Methodology
j5) =% 2 < =] oy = o o =
2 ] A ] S z # a = =
[7] + - - + - - + - + + + + - - Genetic Algorithm
[11] + - - - + + - - + + - Particle Swarm Optimization
[12] - + - - + - + - + - - - + - - Convex Programming
[16] - + - + + - - + + - - + - Heuristic
[17] + - - - + - + - + + - - + - - Heuristic
[18] + - - + + - - + - - - + - - Grey Wolf Optimizer
[19] - + - - + - + + - - + + - + - Genetic Algorithm
[20] + - + + - + - - - + - - Particle Swarm Optimization
[13] - - + - + - + - + + - + - Convex Programming
[21] - - + - + - + - - + - - - +  Particle Swarm Optimization
[14] + - - + - - + - + + - - + + - Heuristic
[15] + - - + - + - + + o+ - + + - Approximate Algorithm
[22] + - + - - + - + - + - - + - Heuristic
[23] + - - + - - + + - - + - - + - Approximate Algorithm
[24] - - + + - - + + - - + - - Heuristic
Ours + - - + - + - + + - - + - Evolutionary Computation Framework
TABLE II {s1,82,...,sm}. For any edge server s; (j =1,2,..., M),
SUMMARY OF EXISTING WORKS ON DUAL-POPULATION-BASED INTELLIGENCE . ts location is represented by (x;,v;), and its CPU operatin
ALGORITHMS ! ! X IS T .pr Y &5 Y5)s ! . p . ng
frequency is f; (in CPU cycles/second). Benefiting from virtual
Pop. 1| Pop.2 Ref. SIA  Problem machine deployment and service migration technologies, tasks
[27] DE Railway Timetable Scheduling offloaded to one edge node would be transmitted to another for
[28] GA+SA Flow Shop Scheduling execution to support flexible computation placement. This work
Global  Local ~ [29] GA  Benchmark Functions considers an intra-region MEC deployment, where multiple
Search Search [30] DE Economic Power Dispatch . . . . .
31] EA CMOP edge servers are interconnected via high-speed wired or optical
[32] HS Dynamic Optimization backhaul links. The backhaul transmission rate (in Gbps) is
33] EA CMOP generally several orders of magnitude higher than the wireless
With  Without [34] GA CMoP access rate between the mobile device and base stations (in
ConstraintsConstraint EA MOP . . ..
Cnstrais-onstramts 52 GA EMSP Mbps) [42]. Accordingly, the inter-edge transmission latency
— - is not explicitly modeled in this work, as it is typically much
[37] GA Facility Location Problem . .. .
138] EA Service Selection Problem smaller than the wireless access latency in intra-region MEC
Objective Objecti . .
e TR 139) DE cop systems. Under this assumption, edge servers form a shared
[40] EA  Multi-Objective Optimization computing resource pool, with base stations serving as access
[41] EA Multi-Objective Optimization

I Swarm intelligence algorithm (SIA): differential evolution (DE),
genetic algorithm (GA), simulated annealing (SA), ant colony op-
timization (ACO), harmony search (HS).

2 Problem: constrained multi-objective optimization problem (COMP),
constrained optimization problem (COP).

dual-population evolutionary framework capable of supporting
a wide range of swarm intelligence algorithms (SIAs). Realizing
this, we develop an evolutionary computation framework based
on dual-population, which can deploy a wide range of SIAs to
solve mobility-aware task scheduling problems in MEC.

III. PROBLEM DESCRIPTION

We formulate the scheduling problem as a mathematical
optimization model in this section. The superscripts ”{}” and
”|)”” indicate offloading and downloading stages, respectively.

A. MEC System Model

We consider an MEC system that deploys multiple edge
servers, each of which is connected to a BS. Assume that
there are M edge servers in the MEC system, i.e., S =

points for the MD. For larger-scale federated or geo-distributed
MEC systems, in which inter-edge latency may become signif-
icant, this assumption may no longer hold and will be explored
in future work. Moreover, consistent with [11], [43], the MD is
assumed to access only one BS at a time.

B. Mobility Model

Following existing studies, a slotted operational mechanism
is adopted, with a one-second slot length to accurately capture
the MD’s mobility [7]. Assuming that the trajectory of the MD
is available over time slots [1, 77, a series of 2D coordinates is
used to represent it, i.e., traj={<z1,y1>,<Ta,y2>,...,<
xr,yr >}, where the subscripts represent the time indexes.
This study considers a scheduling environment in which mobile
trajectories are known or can be accurately predicted prior to
scheduling. This assumption arises naturally in many practical
engineering deployments, where mobile entities operate along
predefined or highly predictable trajectories due to fixed routes
or scheduled operational patterns. As such, trajectories are as-
sumed to be known in advance or reliably estimated over the
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scheduling horizon, enabling effective offline scheduling and
optimization. Specifically, for a timeslot ¢ € {1,2,...,T}, the
distance between the MD and the BS it accesses is

min . {disy;}, (H

J=L4,..

dist = .

where dis; ; denotes the distance between the MD and the BS
b; at timeslot ¢, i.e.,

disej = /(e — o)+ (yr — )™, 2

For the t-th timeslot, the data transmission rate of the MD’s
uplink and downlink can be determined by

dis* /dis;)’p!

’I"IT = b10g2 (1 -+ W) , (3)
.k . 6 1

= blog, (1 + gO(dwbé\cfiZSt) . ) : 4)

The descriptions of relevant parameters b, Ny, go, 0, and dis* are
provided in [11]. p and p* are the MD’s uplink and downlink
data transmission powers, respectively.

C. Task Model

Along a given trajectory, the MD is required to offload a
series of independent tasks, each subject to its own deadline
constraint. These tasks originate from various applications or
services and are assumed to be independent of each other,
meaning that there is no data dependency or execution order
between them. Each task is atomic in nature and cannot be further
partitioned into smaller subtasks for parallel execution. Let NV
denote the total number of tasks, with the task set denoted by
I'={s1,%,...,5n}. Foraspecific task ¢; (0 = 1,2,...,N),it
can be represented by ¢; =< DS?, DS?, CI;,DL; >, where
DS? is input data size (in bits), DSil is output data size (in
bits), C'I; is computation intensity (in CPU cycles per bit), and
DL; is deadline. These parameters collectively provide both the
computational and communication requirements of each task.
This work focuses on a static scheduling setting in which the
set of tasks and their associated attributes are available at the
time of scheduling. This assumption is widely adopted in many
practical batch-oriented MEC scenarios (e.g., video analytics
and healthcare monitoring), where the workload for a scheduling
window can be collected in advance [12], [18], [44].

D. Offloading Model (MTTS-Stagel)

LetS TiTr be the offloading start time of ¢;, then the offloading
finish time of ¢; is

FTEr =argmin{ z Z rf > DS? . (5)
t=ST!

Since the MD can only offload one task at a time, for any two
tasks ¢; and ¢;, we have

ST > FT! Vi,j e {1,2,... N},i #4,ST! > ST!. (6)
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Then, the offloading energy consumption of g; is
El = p" x (FTT — 8TT). (7)

Accordingly, the MD’s offloading energy consumption is
N
E"=Y"El ®)
i=1

E. Downloading Model (MTTS-Stage?2)

Let STZ-lL be the downloading start time of ¢;. Considering
that the result data of ¢; can be transmitted back only after its
execution is finished, S T} should satisty

ST} > FTP<, )

where F'T7* is the execution finish time of ¢; that can be
determined by

DslcI,
foi

where x; indicates the index of the edge node where g; is
executed.

For a task to start execution, the following two conditions
must be satisfied: a) the offloading of the task’s input data
is completed, and b) the edge server assigned to the task is
available. Therefore, the execution start time of ¢; is

ST = max{FT], FT"),

FTS® = ST + (10)

(1)

where F'T}, represents the execution finish time of g;’s previous
task on s,,. Then, ¢;’s downloading finish time is

.
FTY = argmin { z > rf > DSY (12)

t=ST"!

Since the MD can only download one task at a time, for any two
tasks ¢; and ¢;, we have

STY>FT] ¥i,je{l,2,...,N},i#j, ST} >ST]. (13)
The downloading energy consumption of g; is
E! =p' x (FT) — ST}). (14)

Accordingly, the MD’s downloading energy consumption is

N
EY=Y"E/.
i=1

F. The Optimization Model for MTTS

Taken together, the MTTS problem studied in this work can
be formulated as the following optimization model:

5)

minimize E = E" + EY (16)
subjectto  FT? < DL, (17)
ST! > FT!,vST! > ST (18)
STY>FT} VST}>ST} (19)
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Rl R R R« R CCRR N N N

~

fitness evaiuating optimization objective

Fig. 1. The individual space and solution space in DORA, taking BA as an
example. (The attributes P;, V;, F;, A;, and R; indicate the position, velocity,
frequency, loudness, and pulse rate of the individual’s -th dimension).

STV > FT%® (20)

variables ST € [1,T],STY € [1,T],z; € [1, M] (21)

IV. THE DORA FRAMEWORK

The proposed DORA framework is a dual-population evo-
lutionary computation framework that can integrate various
SIAs for solving the MTTS problem. The following provides
a detailed explanation of each component within DORA.

A. Solution Representation and Initialization

As a dual-population evolutionary computational framework,
DORA begins by initializing two populations, with each popula-
tion composed of multiple individuals. Specifically, the stage-1
population (denoted by P™) and the stage-2 population (denoted
by PY) are denoted by PT = {@Y,@g, . .,@ﬂp} and PY =
{(blf, <I>%, ceey (I)l}}, respectively. Here, I is the population size.

As shown in Fig. 1, the DORA framework explores two
complementary search spaces:

e [ndividual space: Stores the SIA-specific biological at-
tributes that drive the algorithmic operators. Taking BA
as an example, an individual is described by its position
P;, velocity V;, frequency F;, loudness A;, etc.

® Solution space: Stores the scheduling solution, represented
by the task sequence in this work, attached to each individ-
ual. Given N tasks to be scheduled, i.e.,

@y/uz{¢1’¢27,,,7(j)1\/}’

For example, assume that the subscript of each element in
® is precisely the task index, that is,

(22)

¢j«rtaskj=g;, j=1,...,N. (23)
Consequently, we can obtain
&Y = {162,y ow ) (24)

Throughout the search process, the update rules first refine
the attribute vector stored in the individual space. A dedicated
mapping operator then converts these updated attributes into the
task sequence that resides in the solution space. The details of the
proposed mapping operator will be discussed in Section IV-C.
Benefiting from this attribute-driven update scheme and the
dual-space representation, the proposed DORA framework re-
mains compatible with a broad array of swarm-intelligence
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algorithms and can effectively solve a wide range of MTTS-type
two-stage problems.

B. Inter-Population Cooperative Mechanism

In DORA, the stage-1 population P focuses on exploring the
solution space of the offloading sub-problem, while the stage-2
population PV is dedicated to the downloading sub-problem. In
contrast to the three representative inter-population cooperation
strategies commonly adopted in existing dual-population algo-
rithms (as summarized in Table II), our DORA framework in-
troduces a novel cooperative mechanism based on asynchronous
solution transfer, which is elaborated below.

Fundamentally, the cooperative mechanism in DORA em-
ploys solution transfer to address the interdependence between
the two sub-problems. The reason lies in the dependence of the
two sub-problems, i.e., the start time of result downloading in the
stage-2 sub-problem cannot be earlier than the execution finish
time in the stage-1 sub-problem. As a result, a large number of
infeasible scheduling decisions would occur, seriously degrad-
ing the algorithm’s performance. If the two populations evolve
independently in their respective search spaces and simply com-
bine the two solutions obtained by them as the final solution,
a large number of infeasible scheduling decisions would oc-
cur, seriously degrading the algorithm’s performance. For this
consideration, P¥ evolves based on the solution obtained by
the P, thereby named the solution transfer-based cooperative
mechanism, with the transfer direction from P to P!.

Complementing the solution transfer design, the cooperation
in DORA is implemented in an asynchronous fashion, enabling
dynamic adaptation to evolving search states. This asynchronous
behavior is facilitated through a shared cooperative module, in
which P" records every newly discovered better solution as
the current best stage-1 solution. This shared record serves as
the decision cue for P%: after each complete round of G&ax
iterations, P" reads the stored stage-1 current best solution and
decides whether to launch the next round. Here, one round of
iterations denotes a full round of iterations that reaches the
maximum number of iterations G&ax set by PV If the acquired
current best stage-1 solution is newly updated, PV starts one
round of iterations based upon this solution. If not, P keeps
waiting until a new stage-1 solution is generated, or finishes as
the evolution of the stage-1 population ends.

In brief, DORA enables the two populations to evolve con-
currently while interacting asynchronously through such a co-
operative mechanism, which ensures coordinated progress and
feasibility across interdependent sub-problems.

C. Mapping Operator

To link the individual space and the solution space introduced
above, we design an exponential probability-based mapping op-
erator (MAP) that generates candidate solutions for individuals.
The widely used mapping method, known as the ranked-order
value (ROV) rule, relies solely on an individual’s position [45].
Unlike ROV, the proposed MAP takes into account the solution
of the current best individual. By inheriting the “good genes”
inside of the current best solution in a probabilistic sense, MAP
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is capable of exploring high-quality solutions and enhancing the
effectiveness of DORA.

For any population, let I* denote the current best individual,
and II* denotes *’s solution (i.e., the current best solution). For
any individual I; to be mapped, MAP has the following two
operations to generate II;:

A) copy some tasks from II* to the same location of 1I;;

B) place the remaining tasks on the empty cells of II; in

random order.

Regarding operation(A), for any dimension ¢ in II; (¢ =

2,...,N), the probability that ¢-th task copied from
IT* is

prob = 7(;0, (25)

where ¢ € (0,1) is a critical parameter that will be further
investigated later, and P;, is the normalized value of position
P, iq> i.e.,
) P, iq F min
Py, =4~ (26)
“ P max P, min ’

where P, and P, denote the lower and upper bounds of
the position in individual space, respectively. Based on (25),
apparently, the value of prob is within [0,1] regardless of the
position’s value domain.

To investigate the impact of the critical parameter ¢ on
the search performance of MAP, we introduce the concept of
template [46], which indicates the good genes hidden in the
high-quality scheduling solution. For simplicity, in what fol-
lows, the scheduling solutions represented by task permutations
are regarded as integer sequences formed by various possible
orderings of task indexes. Accordingly, for any population, the
template S is a sequence of N elements, consisting of the task
indexes {1,2,..., N} and the symbol #. Here, # can be repeated
multiple times, whereas the same integer (or task index) can
appear at most once. Taking a scheduling solution containing
five tasks as an example, suppose that the optimal solution
is II*={1,2,3,4,5} and the template S is {1,#,3.#,5}. Hence,
{1,4,3,2,5} is a template-matched solution, whereas {2,1,3,4,5}
is a non-template-matched solution.

During the evolutionary process, let I represent an of-
floading solution from P and be recorded in the cooperative
module. And II! represents a downloading solution in the P".
Then, we have Q1 = {11l |u = 1,2,..., T} and Qf = {II4|v =
1,2,...,T'} to represent the solution set of all individuals in
P and PY, respectively. Regarding the current best solution in
P" and P¥ as ST and S, respectively, we have the following
theorem.

Theorem

e4

I: E|(8' n Q%) &(S"nah]>I(55=)%
where o = Piqw.

Proof: The symbol N indicates taking the intersection set.
Based on the solution transfer mechanism, (S N Q¥) &(STN
Q1) denotes the template-matched solutions obtained by P*.
Accordingly, E[|(S*NQY) & (STN QM| is the expectation
number of template-matched solutions.

As detailed above, MAP involves two operations to map an
individual onto a solution. For Hﬁ ,assume that L tasks are copied
to II1 in operation(A). To ensure that the final generated I1
matches ST, the remaining /N — L tasks must be placed at their
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original locations in operation(B). Obviously, the probability of

this case is
Pr (st =occk I Po” JI (1-Pu”),
vteT) vie(T-T])

27)

where T}j denotes the set of L tasks that are copied to II{ in
operation(A). Clearly, Tg has a total of C’ﬁ, possible scenarios.
In other words, C' ]%, indicates the number of combinations of Tg.
01, is the probability that all remaining tasks are inserted into their
original locations in operation(B), so we have 6;, =1/ A%’L.
Here, A%’L is the number of permutations for selecting N — L
tasks from [V tasks.

Thus, the probability of II matching the template ST is the
sum of P, (I, S™) for all possible L values:

P (i, s = Z Py (11, S1). (28)
In a similar manner, the probablllty of template matching for an
individual in PV is
N

P (11}, 8%) = Z (I}, 8%, (29)
where
Pr (I, 8Y) =o.Ch [ P [ (1-Pu7).
vieT) vie(T-T})
(30)

Based on the preceding derivations, the probability of tem-
plate matching in terms of the final solution is

P((S' nah)y (st nah) =pl, st x (1, sV)

2
—<ZPL (1h, 8™ ) . (3D
Then, we can derive that
E[|(S*na) e st nah|]
=T xP((S*'naY)

_F<Z7?L (1, st )2.

According to the probability threshold in MAP defined in
(25), the expectation value of L can be determined as

&(Sstnah)

(32)

E[L]= N x P;,*. (33)
Taken together, we have
E[|(s'nah) et nat]
N 2
(e 0n)
L=0
HPUI H (1 — ) i
( (N - NP, ). ) oY

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on August 14,2026 at 05:20:39 UTC from |IEEE Xplore. Restrictions apply.



YIN et al.: DUAL-POPULATION EVOLUTIONARY COMPUTATION FRAMEWORK FOR TWO-STAGE TASK SCHEDULING

Let a = P;,*, E|(S' NQY) &(STNQM)|| can be further
derived as

aNoz(l - a)N—Na 2
(N — Na)N-Na

ZF<O¢N‘”)2,
NNfNoc
[ |

The derivations in Theorem 1 obtain the lower bound of
H|(S' N Q)< (ST N Ql)|], which is denoted by Ej, for sim-
plicity. In what follows, we discuss the monotonicity of Ey, with
respect to the critical parameter .

Lemma 1: Ep(a) = F(%)Q, where o =P;,”, is a
monotonically increasing function with regard to ¢.

Proof: Since Ep,(«) > 0, we have

EH(S“me)e(SﬂmQﬁ)H > F(

(35)

2

Bu(a) = T (5%7=) (36)

Let g(a) = ln(wm%), the monotonicity of Ej, () and

g(a«) will be consistent. Therefore, we investigate the mono-
tonicity of g(«) next, which can be further derived by

9(04) =Inl"+2 (ln (aN(x) —In (NN—Na))

=Inl'+2Nalna—2NInN +2NalnN.  (37)

Obviously, when ¢'(«) > 0, we have
d(@)>0=2N(lna+InN+1)>0
=ha>-1-InN

=a>exp—1—InN

1
=>a> —. (38)

Ne

Since N is generally a large value in the context of static
scheduling, ¢’(a) > 0 holds, which means g(«) and Ejp(«v) are
monotonically increasing with regard to a. Moreover, o = ?iq@
is monotonically decreasing with regard to (. Referring to the
monotonicity principle of composite functions, Ej, is monoton-
ically decreasing with regard to . |

As demonstrated in Lemma 1, Ejy, is monotonically decreas-
ing with regard to . Therefore, the smaller the value of ¢,
the more the number of template-matched individuals in the
population, leading to better effectiveness of MAP. However,
the value of ¢ should not be too small. The reason is that a
tiny value of ¢ would lose population diversity, resulting in the

degradation of exploration capability.

D. Fitness Evaluation Operator

The fitness evaluation operator of stage-1 population
(FEO-P™) accepts the individual’s task permutation as input, and
outputs the optimization objective value of stage-1 sub-problem
in MTTS. As shown in Algorithm 1, FEO-P" first makes the data
offloading decision for each task by utilizing the transmission
rate variations at all timeslots along an MD’s trajectory to
minimize the offloading energy consumption, and then makes
the edge server assignment decision by utilizing the limited
computing resources in the MEC system. Specifically, FEO-P"
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Algorithm 1: Stage-1 Fitness Evaluation (FEO-P™).

Input: i) individual’s solution: ® = {¢1,¢2,...,on};

i) uplink transmission rate: R" = {1 +1, ... ,7’?};
iii) uplink transmission power: p';
iv) edge servers: S = {s1, S2,...,Sm}.
Output: i) optimization objective: obj™;
i) execution finish time: FT™={ft" fe5x .. fi5y,
1 for ¢; in ® do
/+offloading time determination */
2 Get offloading data size D.ST;
3 Calculate latest offloading start time LS T?;

4 Get offloading timeslots [S Tiﬂ7 FT, f] by Algorithm 3
taking (DS?,Rﬂ,pﬂ,[O, LST?}) as input;

5 Label [ST]", FT"] in R" as non-available;

6 Calculate Ef by Eq.(7);

7 obj" «— obj" + EI;

/*execution time determination */
8 Find edge server s, € S that can finish the execution
earliest;
9 Get execution timeslots [STF, FTF];
10 Record FT/* in the corresponding element in F'T™;

1 | Label [STE, FTF] of s, as non-idle;
return obj ", FT™¢,

—
N

Algorithm 2: Stage-2 Fitness Evaluation (FEO-P").

Input: i) individual’s solution: ® = {¢1,d2,...,dn};
ii) downlink transmission rate: R* = {r}, 75, ... ,r};
iii) downlink transmission power: pt:
iv) execution finish time: FT®={ft* ft5 . fthe.
Output: obj¥.
1 for ¢; in ® do
/ xdownloading time determination */
Get downloading data size DS?;
Calculate latest downloading start time LST?;
Get execution finish time FT;
Get offloading timeslots [ST}*, FT}] by Algorithm 3
taking (DS?,RU,pu,[FTiE“, LST?]) as input;
6 Label [ST, FT] in R* as non-available;
7 Calculate Ejl by Eq.(14);
8 obj¥ « objV + EllL

s W N

9 return objV;

traverses all elements of the input task permutation in turn. For
each task, Algorithm 3 is called to obtain the energy-efficiency
offloading timeslots, which is a sliding window strategy based on
a start time pointer and an end time pointer. Then, the execution
time of each task is determined by finding the edge server that
can finish it earliest. Also, the obtained execution finish time of
the task will be recorded in a list, which will be acquired by the
stage-2 population and play an essential role in the cooperative
mechanism.

The fitness evaluation operator of stage-2 population
(FEO-PY) accepts the individual’s task permutation as input, and
outputs the optimization objective value of stage-2 sub-problem
in MTTS. As shown in Algorithm 2, FEO-P¥ makes the data
downloading decision for each task by utilizing the transmission
rate variations at all timeslots along an MD’s trajectory to
minimize the downloading energy consumption. Specifically,
FEO-PY traverses all elements of the input task permutation
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Algorithm 3: Off/Downloading Strategy.

Algorithm 4: Adaptive Iteration Controller (AIC).

Input: i) data size: DS
ii) transmission rate: R;
iii) transmission power: p;
iv) time range: [Tsur, TEnd]-
Output: offloading/downloading time: [T, Tgnal-
/ *xPs:start time pointer,Pg:end time pointer x/
1 Ps < Tstar;
2 while Ps < Tg,q do

3 Pg+ Ps+1;
4 while true do
Pg
s if > r. > DS; then
t=Ps
6 Etempep(PE*Ps);
7 if Etemp < Ebej[ then
8 Ebesl — Etemp;
9 TS*lart — Ps, Tgnd — PE;
10 break;
11 else if rp, is equal to O then
12 Ps <+ P+ 1,
13 | break;
14 | e B+ 1
15 | Ps «+ Ps+1;

* * 1.
16 return [TSIaanEnd],

in turn. For each task, Algorithm 3 is called to obtain the
energy-efficient downloading timeslots. Here, the task’s execu-
tion finish time, which is obtained by the stage-1 population and
transferred to the stage-2 population, is set as the start pointer,
whereas the latest downloading start time is set as the end pointer.
After traversing all the tasks, the optimization objective value
of MTTS’s stage-2 sub-problem is obtained, which is also the
fitness of the current individual in stage-2 population.

It is worth noting that this scheduling framework is developed
specifically for independent tasks, but can be extended to accom-
modate precedence-constrained tasks of workflow applications.
To this end, the scheduling decision for each task must be
restricted by the completion times of its predecessor tasks to
comply with precedence relations. A feasible extension is to
incorporate a precedence-aware refinement mechanism into the
decision-making process. Prior to determining the offloading,
execution, or downloading time of a single task, the scheduler
would derive its earliest available start time from the DAG
structure and exclude any scheduling intervals that would violate
precedence relations. This mechanism would enable the pro-
posed framework to accommodate workflow applications while
preserving the overall structure of evolutionary computation.

E. Adaptive Iteration Controller

To enhance computational efficiency and ensure that the
search process adapts to the problem scale and the evolutionary
progress, an adaptive iteration controller (AIC) is incorporated
into both the offloading and downloading populations. The con-
troller adjusts the iteration budget based on two components: (i)
scale-aware initial iteration allocations and (ii) progress-based
early stopping mechanism.

The detailed procedure of the AIC controller is provided in
Algorithm 4. First, the scale-aware initial iteration allocations

Input: i) population § € {f,{};
ii) number of tasks N;
iii) related parameters: scaling factors (¢, k),
threshold ¢, and window L°.
Output: terminated iteration count G°.

1 if 6 =1 then
2 ‘ G v — LN
3 else

4 L G2 ax — EN;
5 g« 0,c+0;

6 while g < G2, do

7 g+—g+1;

8 Run one evolutionary iteration for population P%;
9 Obtain current best fitness Fiey ;

10 AF « F4 — Frev,

11 if AF < e|F24| then

12 L c+—c+1;

13 c <+ 0;

14 if ¢ > L% then

15 L break;

6 | FRg e B

—
=

return G° = g;

specify the maximum number of iterations for each population
based on the problem size. Let /N denote the number of tasks. The
upper bounds of the two populations are set as G . = ¢ N and
Gﬁlax = kN, where . > k > 0 are global constants. In this way,
the initial iteration allocations grow linearly with the task scale
while preserving a larger search capacity for the offloading pop-
ulation. This design also avoids scenario-specific configuration
and provides scale-aware hard limits on the maximum iteration
budgets.

Second, both populations continuously monitor the evolu-
tionary progress in solution quality and can terminate early
when the improvement becomes negligible. For the offloading
population, the controller evaluates the improvement magnitude
AF = F4 — F¥ at the end of each iteration, and compares
it with a relative threshold e. If AF < ¢|F4| persists for
L' consecutive iterations, the offloading evolution terminates
before reaching GI . A similar mechanism is applied to the
downloading population within each round, enabling each round
to end early when progress is negligible.

By combining these two components, the AIC controller
enables DORA to allocate iterations to the evolutionary phases
where meaningful improvement is still achievable, and to re-
duce redundant iterations when the search becomes stagnant.
Accordingly, the computational cost is adjusted automatically
according to both the task scale and the observed optimization
behavior, rather than being fixed a priori. Overall, the AIC
controller relieves the requirement for manual configuration,
while improving computational efficiency and maintaining so-
lution quality across different problem instances and swarm
intelligence algorithms in the DORA framework.

FE. Descriptions of DORA Framework

As illustrated in Fig. 2, DORA begins with determining
the evolutionary algorithms, and completing the initialization
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| I Stage-1 Population

Fig. 2. The proposed evolutionary computation framework DORA.

of population, initial solution, and relevant parameters.
After that, DORA enters the iterative process, where pt
population performs one round of iterations and P* population
might perform multiple rounds of iterations, according to
the asynchronous solution transfer mechanism (detailed in
Section IV-B). During each iteration, DORA first generates the
corresponding solution for each individual, which is based upon
the proposed mapping method (detailed in Section I'V-C). Next,
the fitness of each individual (i.e., the optimization objective
of each individual’s corresponding solution) will be calculated
based on the problem-dependent evaluation algorithm (detailed
in Section IV-D). Then, DORA updates the population
following the search mechanisms of the predetermined SIA.
Overall, DORA iteratively performs the solution generation,
fitness evaluation, and population updating to obtain the final
solution to the considered problem.

From a methodological perspective, the proposed dual-
population framework is motivated by the growing disparity
between the substantially enlarged solution space, which is
induced by incorporating the result downloading decision into
the scheduling problem, and the increasing complexity of effec-
tive solution exploration. The interdependence between offload-
ing and downloading decisions further exacerbates the difficulty
in exploring high-quality schedules in the solution space. By
employing two populations dedicated to task offloading and
result downloading decisions, upon which an inter-population
collaboration mechanism is further established, the solution ex-
ploration capability of the proposed DORA can be significantly
enhanced.

G. Complexity Analysis

The following presents an analysis of the computational com-
plexity of the proposed DORA framework. First, we discuss
the complexity of each process within DORA. In the initializa-
tion step, the individuals in the two populations are initialized

[ 1
| . i |
| o 1! r" update current best solution update (PY i
| ’ ﬁ\ | iter=0 Hﬂ* Hi}* I
i g L — [ > iter=0 |
: : |l mapping active new round e ‘
! - G (MaP) of |terat|ons L !
: ) |

R OLE e )|
| ol evaluation d > v I
! : (FEO-P" up ate? : !
I evaluation |
| v (FEO-P") |
: update v i
| v P" finish? i acquire Hﬂ* update |
i iter++ Yy v |
| * PU finish iter++ |
| continue? I
. (AIC) )
! N r?flrJ*tpUtU . N continue? Y| !
| p" finish 11 @re) I

cooperative mechanism

12413

Evolution
Stage-2 Population

randomly across each dimension, resulting in a computational
complexity of O(N-I"). During each iteration in the evolution-
ary process, three steps are performed for each individual in any
population: the mapping operation, the evaluation operation, and
the update operation. The mapping method MAP has a com-
putational complexity of O(N), while the evaluation method
has a complexity of O(N-log E[DL]). The individual update
operation depends on the specific SIA deployed in the DORA
framework and is not analyzed here. At the end of each iteration,
all individuals need to be checked to determine the current best
individual in the population, with a computational complexity
of O(I).

Next, we need to consider the total number of iterations of
DORA. The total number of iterations of the offloading popula-
tion P" is a fixed value Gﬂmx, while the total number of iterations
of the downloading population P throughout the algorithm’s
lifecycle is not a fixed value Grlflax. This is because P! initiates
multiple rounds of iterations based on the inter-population
collaboration mechanism. Therefore, the upper and lower
bounds of the total number of iterations of PV are discussed
next, denoted by G and Gub, respectively Firstly, consider the
situation for Glb, where Tmund > meund, with 7! and T mund
representing the time for P and PV to complete one round of
iterations, and w being the number of iteration rounds conducted
by PY. Specifically, this situation indicates that P" does not
update the current optimal offloading solution in the later stages
of the iteration process. Consequently, after completing w rounds
of iterations, P¥ remains in a waiting state until P" completes,
ending the entire algorithm, thus Gﬁ) = Glax. The underlying
reason is that the key processes in P and P* are highly similar,
making the time for a single iteration nearly identical. Next,
consider the situation for Gﬁb, where 71 = < meund. This
situation indicates that P updates the current optimal offloading
solution in the last iteration, while PV has just initiated a new
round of iterations before the last iteration of P". Thus, Gub =

Glax — 1+ 2Gihax. Since the number of iterations is generally
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TABLE IIT
PARAMETER SETTINGS FOR SWARM INTELLIGENCE ALGORITHMS USED FOR
EVALUATION
General Settings BA
Parameter Value Parameter Value Parameter  Value
r 30 f min 0 f max 1
Prin 0 Umin 2 Umax 2
Prax 10 f() rand(0, 1) o 0
—_ —_ Ap rand(0.7, 1) a 0.98
— — 0 rand(0, 0.4) ¥ 0.98
FA PSO CS
Parameter Value Parameter Value Parameter ~ Value
BO 1 wo 0.9 pa 0.25
o 1 c1 2 « 1
o rand(0, 1) Cco 2 B 1
- — Wmin 0.4 — —

large, the constant terms can be ignored, leading to Gﬁb = G’ILaX
+ 2Ghax-

As a result, the lower computational amount of the DORA
framework is 2N - I' + Gha(I'(N + N -log E[DL]) + I') +
Gft(F(N + N -log E[DL]) + I'), and the lower bound of the
computational complexity is

O(DORA) =T -N-GI

T« *log E[DL]. 39)

The upper computational amount is 2N - [+ G?nax(l1 (N +
N -log E[DL]) + I') + G4(L(N + N -log E[DL)) + I),
and the upper bound of DORA’s computational complexity can
be given by

I'-N -Gl -log EIDL], if Ghax > 2Gihax

O(DORA) = {

' N G- log E[DL], otherwise.

(40)

It is worth mentioning that the actual number of iterations, for
either the offloading or downloading population, can be sub-
stantially lower than the pre-defined upper-bound value (G&ax
or G&ax), as the adaptive iteration controller can terminate the
evolutionary process early when appropriate.

V. EXPERIMENTAL RESULTS

In this section, we first describe the experimental setup,
including test instances, parameter settings, and evaluation
metrics. Then, we analyze the impact of key parameters in
DORA, such as the mapping parameter ¢ and the maximum
iteration counts assigned to the two populations. This analysis
also serves to validate the theoretical findings in Section I'V-C.
Subsequently, we assess the performance of DORA through
comparative experiments with several existing SIAs and evalu-
ate its effectiveness across different configurations.

A. Experimental Setup

We develop a real-world MD trajectory dataset MDT-2023,'
which contains 80 trajectories under three modes of mobility.

Uhttps://github.com/YinLu-NJUST/MDT-2023
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The trajectory collection was conducted on the campus of Nan-
jing University of Science and Technology, Nanjing 210094,
China. UniStrong GPS G1 handheld receiver? can provide a
location accuracy of better than 1.7 meters for 95 percent of the
time. By using this receiver, the MDT-2023 records the MD’s
trajectory as a sequence of time-stamped GPS information (i.e.,
latitude and longitude) per second apart. We establish a testing
instance set (TIS) consisting of six groups of testing instances
with different numbers of tasks, i.e., {50, 100, 200, 300, 600,
1000}. Each group contains five testing instances, resulting in a
total of 30 testing instances. The task characteristics, including
the input data size, output data size, and average computation
workload, are profiled from the real-world Google cluster-usage
traces dataset “clusterdata-2011-2"3, which provides detailed
information about the resource utilization in Google’s data
centers.

The MEC system in the experiment consists of ten MEC
nodes, each of which deploys an edge server with a 3.0 GHz
operating frequency. The parameters in (3) and (4) are set
identically to those in [11], [47]. Specifically, b = 10 MHz,
b¥ =20 MHz, gy = —40 dB, dis* = 1 m, § = 4, and Ny =
—174 dBm/Hz. The MD’s transmission powers of both uplink
and downlink are set as 100 mW. The parameter settings of
SIAs are shown in Table III. Experiments were carried out on a
machine with a 10-core 2.8 GHz CPU and 32 GB of memory.
The evaluation system was fully implemented in Java.

Considering the stochastic nature of the evolutionary algo-
rithms, we use the well-known analysis of variance (ANOVA)
method to analyze the scheduling results in a statistical manner.
Accordingly, relative error (RE) is introduced as an index to
quantify the algorithm’s effectiveness, which is defined as

l iM % 100% 1)
R obj* o

r=1

RE =

where R is the number of runs per testing instance, with R = 5
in our experiments. obj,. is the objective value obtained by the
r-th run, and obj™ denotes the best objective value among all
competing methods during all rounds. Accordingly, a smaller
RE value implies better solution quality.

B. Evaluation of Critical Operators

1) Parameter v in MAP: To validate the theoretical analysis
of the critical parameter involved in the mapping operator MAP,
we integrate four classical SIAs into the DORA framework and
evaluate the resulting REs under different ¢ values. Fig. 3 plots
the mean values and 95% least significant difference (LSD)
intervals of REs under different ¢ values of BA, FA, PSO, and
CS, respectively. The results demonstrate that the value of ¢
generally has the same influence on the searching effectiveness
of these SIAs. The greater the ¢, the worse the RE, indicating
MAP requires a small  to achieve better effectiveness. However,
when ¢ is extremely small (i.e., ¢ < 0.1), RE becomes worse,

Zhttp://www.navearth.com
3https://github.com/google/cluster-data/blob/master/ClusterData2011_2.
md
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Fig. 3.

TABLE IV
COMPARISON OF DORA WITH FIXED AND ADAPTIVE ITERATION
CONFIGURATIONS ACROSS DIFFERENT TASK SCALES

Avg. Avg.
N  Method energy runtime .AVgT'T .AVgll Speedup
iters iters
) (s)
50 Fixed 18.956  0.61756  250.00  252.00 -
Adaptive  18.968  0.29816  110.56 94.24 1.93x
100 Fixed 37.200 238204  500.00  528.00 -
Adaptive  37.232  1.05544 22192  214.64 1.80x
200 Fixed 76.040 10.17664 1000.00  1224.00 -
Adaptive  76.112  5.12136  235.00  675.60 2.01x
300 Fixed  122.584 24.91444 1500.00 2268.00 -
Adaptive 122.260 15.61688 93840  1357.12  2.68x
600 Fixed  231.800 213.60540 3000.00  4608.00 -
Adaptive 231.744  132.65920 1828.08 253848  2.64x
1000 Fixed  395.908 869.33612 5000.00  8160.00 -
Adaptive  396.608 566.91304 3473.92  4659.68  2.87x

revealing that a tiny ¢ leads to poor effectiveness due to the loss
of population diversity. Based on the above investigation, we
verify the theoretical analysis provided in Section IV-C. Since
these four SIAs all achieve satisfactory effectiveness when ¢ is
0.15, we set ¢ as 0.15in the following experiments.

2) Adaptive Iteration Controller in DORA: To evaluate the
effectiveness of the AIC controller, we evaluate DORA under
different task scales, in both fixed-iteration and adaptive itera-
tion configurations. In experiments, the AIC controller adopts
the settings ¢ = 5,k = 3,eT =¥ = 1074, LT = 0.1G!  _, and
LY = 0.1GY ... All other algorithmic settings, parameter con-
figurations, and testing instances were kept identical across the
fixed-iteration and adaptive iteration configurations.

As shown in Table IV, the adaptive iteration configuration
with AIC controller achieves substantial efficiency improve-
ments. Across all task scales, the runtime is reduced by ap-
proximately 35%—-56%, indicating 1.80x-2.87 x speedups. This
demonstrates that, once the search has stabilized, the AIC con-
troller effectively prevents unnecessary iterations. Importantly,
the optimization quality is preserved, i.e., for all task sizes,
the average energy consumption of the adaptive version differs
by less than 0.5% from that of the fixed iteration version.
These observations confirm that the AIC controller successfully

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95
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Mean REs and 95% LSD intervals obtained by BA, FA, PSO, and CS with different ¢ values.
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Fig. 4. Cumulative distribution of normalized task completion latency for
different task scales.

auto-tunes the computational cost according to instance diffi-
culty while maintaining robustness and solution quality.

C. Performance Evaluation

1) Latency Distribution Analysis: Inorder to characterize the
latency distribution, the latency of each task is defined by a
normalized metric:

FT}

Li = ! )
DL,

(42)

where FTZ-U denotes the downloading completion time of task ¢
and DL; denotes its deadline. This normalized latency enables
comparison across tasks with heterogeneous deadlines. A value
of L; close to zero indicates early completion with abundant
slack, whereas a value close to one indicates completion ap-
proaching the deadline.

Fig. 4 illustrates the latency distribution in terms of the
cumulative distribution function (CDF) of normalized latency
under different task counts. As the problem scale increases, the
CDF curves shift gradually to the right, indicating that a larger
proportion of tasks complete closer to their deadlines due to the
increased competition for limited transmission and execution re-
sources. An important observation is that the normalized latency
values in all CDF curves reach 1.0, indicating no deadline viola-
tions across all testing instances. Overall, the obtained latency
distributions are consistent with the design principle of DORA,
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Fig. 6.  Average server utilization under different task scales.

leveraging available deadline slack to allocate transmissions to
energy-efficient time slots while satisfying deadline constraints.

2) Server Utilization Evaluation: Regarding server utiliza-
tion, we define a utilization metric to evaluate server utilization
under the obtained scheduling solution. For each edge server
sj, let B; denote the total time period during which the server
is executing tasks, which can be calculated by summing the
execution intervals of all tasks assigned to it. The time horizon
H is defined as the latest execution completion time among all
tasks. The utilization rate of server s; is then given by:

v, =2
H

Accordingly, the overall system utilization is defined as

1 M
Uavg = M ZUj7
j=1

where M represents the number of edge servers. In experiments,
for each task count V, DORA is executed on all testing instances
with multiple independent runs per instance. The scheduling
decision for every single run is used to compute Uyys. The Uyye
values are then aggregated across all instances and runs to obtain
the average system utilization.

Fig. 6 reports the utilization evaluation results for different
problem scales. As the number of tasks N increases from 50 to
300, system utilization rises steadily, indicating that a heavier
workload leads to a higher fraction of time during which the

(¢) PSO (d) CS

Mean REs and 95% LSD intervals of DORA obtained by BA, FA, PSO, and CS when incorporating different mapping methods.

servers are actively executing workloads. When N further in-
creases to 600 and 1000, system utilization continues to rise
but at a slower rate and remains within a moderate range.
This behavior can be attributed to the fact that the growing
workload also extends the overall execution horizon, resulting
in a relatively balanced increase in both busy time and total
duration and, in turn, a gradual rise in utilization rate. Overall,
the results in Fig. 6 demonstrate that the proposed scheduling
approach yields reasonable and stable server utilization across
a wide range of workload patterns.

3) Comparison With Heuristics: To further evaluate the ad-
vantages of the proposed evolutionary framework, four rep-
resentative heuristics are implemented as baselines, including
a) an earliest-deadline-first (EDF) rule that sorts and sched-
ules tasks in the ascending order of deadline values; b) a
smallest-data-first (SDF) rule that prioritizes tasks with smaller
uplink—downlink data volumes; ¢) a random-ordering (Random)
method that schedules tasks in a uniformly shuffled order;
and d) a greedy-early (GE) method that assigns each task to
the earliest available time. These heuristics represent common
non-evolutionary scheduling principles, ranging from deadline-
driven and workload-driven rules to random and greedy strate-
gies.

Table V reports the scheduling results, in terms of average
energy consumption and feasibility rate, obtained by DORA
and the heuristics across different task scales. We observe that
DORA consistently achieves the lowest energy while maintain-
ing feasibility across all problem scales. EDF and SDF lead to
energy values close to DORA at N = 50. However, their energy
consumption increases substantially at larger scales. They both
become infeasible when the task count exceeds 300. When N
reaches 1000, EDF is only feasible on 2 out of 5 testing instances.
The random heuristic exhibits large performance fluctuations
and, in turn, low feasibility. GE remains feasible but incurs
significantly higher energy consumption, especially on testing
instances of large scale. The comparison results justify that
conventional heuristics are inadequate to effectively handle the
complex constraints and enlarged solution space induced by joint
offloading, execution, and downloading decisions, and further
demonstrate the necessity and advantages of DORA’s evolution-
ary search and dual-population collaboration mechanism.

4) Comparative Experiments on MAP: As an essential com-
ponent of DORA, the mapping operator MAP is compared with
the other four mapping methods in the existing works. The
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COMPARISON BETWEEN DORA AND REPRESENTATIVE HEURISTICS ACROSS DIFFERENT TASK SCALES. (N DENOTES THE TASK SCALE, ENERGY IS MEASURED IN

JOULES (J), AND “FEAS.” INDICATES THE NUMBER OF FEASIBLE INSTANCES, WITH FIVE INSTANCES IN TOTAL).

Algorithm N =50 N = 100 N =200 N =300 N = 600 N = 1000
Energy Feas. Energy Feas. Energy Feas. Energy Feas. Energy Feas. Energy Feas.
DORA 18.940 5/5 37.140 5/5 75.696 5/5 120.460 5/5 229912 5/5 400.200 5/5
EDF 19.020 5/5 39.260 5/5 95.920 5/5 144.280 4/5 239.220 4/5 472.932 2/5
SDF 19.020 5/5 44.260 5/5 87.180 5/5 146.600 4/5 235.400 5/5 453.075 4/5
Random 23.630 5/5 47.340 5/5 96.400 4/5 156.850 2/5 233.833 3/5 522.140 4/5
GE 32.100 5/5 60.200 5/5 110.280 5/5 175.820 5/5 347.880 5/5 570.100 5/5
TABLE VI Means and 95.0 Percent LSD Intervals Means and 95.0 Percent LSD Intervals
SUMMARY OF MAPPING METHODS PROPOSED IN THE RELATED WORK 18 t 16 i
1.6 b4 1.4
Work Mapping Scheme SIA L Wl
Ref. [11] position-based mapping (position) PSO - 13 10
Ref. [45] ranked-order value (ROV) FA 08 08 1
Ref. [48] distance-based mapping (distance) WOA 06 F 061§ T
Ref. [49] sigmoid-position-based mapping (sig-position) FA DORA-BA NBA SBA DORAFA ECFA DFA
! Whale Optimization Algorithm (WOA) (a) BA (b) FA
Means and 95.0 Percent LSD Intervals Means and 95.0 Percent LSD Intervals
1.6 T I 2.0 T
details of the competing methods are provided in Table VI. Note 14 ! 18 I
that, each of these competing methods is developed particularly ., u 13 T
for one SIA. Aiming to evaluate these mapping methods in a s !
comprehensive sense, we incorporate them into several different "1 10 I
SIAs. OSZRi—Pso SPSO DPSO CBoracs NCS GACSM
Fig. 5 provides the mean values and LSD intervals of REs by
employing MAP and the other four competing mapping methods (©) PSO @ €S
on BA, FA, PSO, and CS, respectively. It can be seen that the Means and 95.0 Percent LSD Intervals
effectiveness of the mapping method varies across different 18 i
SIAs, with this variation being particularly apparent for the 16
distance method. To be specific, the distance method performs 14
well in BA and PSO but significantly worse in CS, whereas the W 13 i
sig-position method performs well in FA but relatively worse in o:s
PSO. Compared to the four competing methods, the proposed 06 . ) I
MAP achieves stable and strong performance across the four 04l 1 . I 1
SIAs, demonstrating its effectiveness in high-quality solution z :

exploration.

5) Effectiveness Evaluation of DORA: To evaluate the
effectiveness of DORA, we compare it with some existing
SI-based approaches as follows. The BA-based approaches:
novel bat algorithm (NBA) [50] and simulated annealing-based
bat algorithm (SBA) [51]. The FA-based approaches:
discrete firefly algorithm (DFA) [45] and efficient convergent
firefly algorithm (ECFA) [49]. The PSO-based approaches:
slow-movement particle swarm optimization (SPSO) [11]
and distributed particle swarm optimization (DPSO) [52].
The CS-based approaches: novel cuckoo search algorithm
(NCS) [53] and Gaussian random walk and adaptive discovery
probability-based cuckoo search algorithm (GACSM) [54]. The
dual-population-based approaches: dual-population differential
evolution (DP-DE) [27], cooperative dual-population-based
evolutionary algorithm (c-DPEA) [34], and dual-population
differential evolution (DPDE) [39].

Fig. 7 presents mean values and LSD intervals of REs obtained
by the DORA framework and the competing approaches in

0.2
DORA-BA  DORA-FA DORA-PSO DORA-CS DP-DE c-DPEA DPDE

(e) Dual-Population

Fig. 7. Mean values and LSD intervals of REs obtained by the DORA
framework and competing approaches.

the FA-based, PSO-based, CS-based, and dual-population-based
categories. Fig. 7(a) and (c) show that the non-overlapping LSD
intervals indicate that the performance of DORA is signifi-
cantly better than that of competing approaches. Despite the
overlapping LSD intervals in Fig. 7(b) and (d), DORA-FA and
DORA-CS still achieve the best mean REs in their respective
categories. Moreover, the evaluation results in Fig. 7(e) indicate
that DORA performs much better than DPEA and c-DPEA,
which are also based on the dual-population search scheme.
This set of experiments justifies that DORA achieves promis-
ing solution exploration performance as a general evolutionary
computational framework. The reasons for achieving the above
performance advantages are twofold: the mapping operator of
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DORA facilitates the solution exploration capability, and the co-
operative mechanism effectively conveys decision information
in high-quality solutions and achieves excellent inter-population
division of labor and collaboration.

VI. CONCLUSION AND DISCUSSIONS

This paper investigates a mobility-aware two-stage task
scheduling problem in an MEC system, referred to as MTTS,
considering user mobility and both the task offloading and result
downloading stages. To solve this task scheduling problem, we
propose a dual-population evolutionary computation framework
DORA, capable of deploying a wide range of SIAs for solu-
tion exploration. The proposed DORA framework features two
parallel-evolving populations, responsible for solving the of-
floading and downloading sub-problems in MTTS, respectively.
The evolutionary process of each population involves a mapping
operator to link the individual space to the solution space, a fit-
ness evaluation operator to assess the quality of each individual,
and an update operator to modify individual attributes based on
the search strategy of a specific SIA. In particular, we conduct
rigorous theoretical analysis regarding the critical parameter
setting in the mapping operator, further validated by experimen-
tal results. Inter-population collaboration is realized through an
asynchronous solution transfer mechanism, where the current
best solution is transferred from the stage-1 population to the
stage-2 population, guiding the search toward high-quality final
scheduling solutions. Experimental results using a real-world
MD trajectory dataset demonstrate the superior performance of
DORA over state-of-the-art STA-based methods.

Future research may be directed toward the following aspects.
On the one hand, the mobility model in the proposed DORA
assumes that mobile trajectories are known or can be accurately
predicted prior to scheduling. To enhance the adaptability of
DORA to highly dynamic, unpredictable mobility in real-world
deployment, one practical approach is to incorporate a rolling-
window, re-planning mechanism, in which scheduling decisions
are periodically re-optimized over short horizons using the most
recent system observations and trajectory updates. On the other
hand, to extend the present framework to large-scale MEC
environments involving many devices, additional system-level
factors become increasingly important considerations, including
wireless channel contention among devices, queuing effects at
shared edge resources, and cross-device fairness constraints.
Incorporating these factors into DORA would require a redesign
of both the system model and the scheduling algorithm. These
directions indicate promising extensions for advancing the pro-
posed framework beyond its current assumptions and toward
more complex and dynamic MEC systems.
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