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Abstract

In practical mobile edge computing systems, computation tasks arrive in successive batches while task attributes,
wireless conditions, and available resources vary across decision slots. This paper formulates batch-wise task
assignment and communication/computing resource allocation as a constrained dynamic bi-objective optimization
problem and proposes a Location-Resource Coupled Dynamic NSGA-IT (LRC-DNSGA-II). Its Location-Resource
Coupled Variation operator captures the dependency between discrete assignment and continuous allocation by
restricting assignment mutation to accessible execution sites and resetting associated resource-weight genes when
locations change. A task-feature-matched dynamic response mechanism reuses relevant decision information
across successive batches. Experiments under dynamic batch-wise MEC scenarios show that LRC-DNSGA-II
significantly outperforms four comparison methods in hypervolume and inverted generational distance. Ablation
studies indicate that coupled variation mainly improves final approximation quality, whereas dynamic response
primarily accelerates adaptation after batch transitions.

Keywords: Mobile edge computing, Task assignment, Resource allocation, Dynamic multi-objective optimization,
Evolutionary computation, Location-resource coupling

1 Introduction edge computing (MEC) has therefore emerged as an
) ) ) ) _ effective paradigm by deploying computing resources
With the rapid proliferation of the Internet of Things closer to end devices, enabling computation offload-

(IoT) and intelligent manufacturing, end devices increas- ing with reduced communication latency and improved
ingly generate computation-intensive tasks in successive responsiveness [11, 12].

batches, creating growing demands for low-latency and Despite these advantages, practical MEC systems
energy-efficient task processing [1-5]. However, the lim- operate under inherently time-varying task and resource

ited battery capacity and computational capability of  ¢onditions [13]. The successive task batches generated
end devices often make local execution inadequate for by end devices form an online decision process over con-
delay-sensitive applications [6, 7]. Offloading tasks to  gecutive time slots, rather than a one-shot optimization
remote cloud servers can alleviate local resource lim- problem defined over a fixed task set [14, 15]. For exam-
itations, but may introduce substantial transmission ple, in industrial inspection, cameras and sensors may

delay and backhaul congestion, while increasing the  geperate multiple image-recognition and data-processing
risk of exposing sensitive industrial data [8-10]. Mobile



tasks within each inspection cycle [16]. Across consecu-
tive slots, the number and attributes of newly arrived
tasks, wireless conditions, and available communica-
tion and computing resources may all vary [17, 18].
Consequently, both the feasible decision space and the
trade-offs among multiple optimization objectives can
evolve over time [19-21]. Decisions optimized for one
task batch and system state may therefore become inef-
fective or even infeasible for subsequent batches. This
temporal evolution makes joint task assignment and
resource allocation substantially more challenging than
in static settings. Nevertheless, many existing MEC
formulations are still based on a fixed task set and a
static system state, limiting their ability to capture and
adapt to batch-wise task arrivals and evolving operating
conditions.

Beyond the temporal evolution of system states,
the resulting optimization problem also exhibits a
tightly coupled mixed discrete—continuous structure
[22]. Task-assignment decisions determine whether a
task is executed locally or offloaded to an edge server,
thereby determining which communication and comput-
ing resources are involved in its execution. Meanwhile,
unfinished tasks carried over from previous slots may
continue to occupy part of the available edge comput-
ing capacity, further affecting the resources accessible
to newly arrived tasks. Consequently, a change in task
assignment can alter not only the feasible region of
resource allocation but also the resource-sharing con-
text in which the associated continuous variables take
effect. The resulting problem therefore involves dis-
crete assignment decisions, continuous communication
and computing resource variables, nonlinear constraints,
and time-varying feasibility conditions [23-25]. Such
location-dependent coupling makes the search land-
scape highly sensitive to both system-state changes
and assignment variations, substantially increasing the
difficulty of exploring the mixed decision space effec-
tively. Accordingly, jointly optimizing task assignment
and resource allocation in dynamic MEC remains a
challenging problem.

Existing dynamic multi-objective methods com-
monly adapt to environmental changes by reusing
historical populations. However, their direct applica-
tion to batch-wise MEC is challenging. Successive task
batches may differ in size and attributes, weakening
task-level correspondence across slots and reducing
the effectiveness of direct population reuse. Mean-
while, changes in task assignment alter the associated
resource-sharing context, potentially invalidating pre-
viously suitable resource-allocation variables. Effective
optimization therefore requires both task-relevant cross-
slot information transfer and consistent coordination
between assignment and resource-allocation decisions.
To address these challenges, we formulate batch-wise
task assignment and resource allocation in MEC as

a constrained dynamic bi-objective optimization prob-
lem minimizing task completion delay and device
energy consumption, and develop a Location-Resource
Coupled Dynamic NSGA-II (LRC-DNSGA-II). The
algorithm integrates task-relevant cross-slot reuse with
location-resource coupled variation to adapt to evolv-
ing task batches while preserving consistency between
assignment and resource-allocation decisions. The main
contributions are summarized as follows:

1. We formulate batch-wise task assignment and
resource allocation in MEC as a constrained dynamic
bi-objective optimization problem that jointly min-
imizes task completion delay and device energy
consumption. The formulation captures successive
task-batch arrivals, time-varying communication and
computing resources, location-dependent resource
sharing, and the carry-over impact of unfinished tasks
on subsequent decision slots.

2. We develop a Location-Resource Coupled Dynamic
NSGA-II (LRC-DNSGA-II) for the resulting
dynamic mixed discrete—continuous problem. Its
core Location-Resource Coupled Variation operator
restricts assignment mutation to accessible execu-
tion sites and resets the associated resource-weight
genes when the execution location changes, thereby
maintaining consistency between discrete assignment
decisions and continuous resource allocation. A task-
feature-matched dynamic response mechanism is
further introduced to reuse task-relevant historical
decision information across successive batches.

3. Extensive experiments demonstrate that LRC-
DNSGA-II consistently achieves superior dynamic
multi-objective optimization performance compared
with representative baselines. Further ablation anal-
ysis confirms the complementary roles of its two key
components: Location-Resource Coupled Variation
primarily improves final approximation quality, while
the task-feature-matched dynamic response enhances
adaptation to environmental changes.

The remainder of this paper is organized as follows.
Section 2 reviews the relevant literature. Section 3 intro-
duces the system model and formulates the dynamic
batch-wise task assignment and resource allocation prob-
lem. Section 4 details the proposed LRC-DNSGA-II and
the deployment solution selection procedure. Section 5
describes the experimental setup and reports the per-
formance evaluation and analysis. Finally, Section 6
concludes the paper.

2 Related Work

MEC task assignment and resource allocation have
received extensive research attention [2, 25-29]. Existing
studies can be broadly grouped into optimization under
a given system state, dynamic MEC scheduling, and



dynamic multi-objective optimization for time-varying
MEC environments.

2.1 MEC Optimization Under a Given
System State

For a given task set and system state, existing MEC
studies jointly optimize task placement, server selection,
and communication and computing resource allocation
[30, 31]. Conflicting objectives, such as task latency
and device energy consumption, are often converted
into scalar optimization problems through predefined
preference parameters. When such preferences are not
known in advance, Pareto-based methods preserve mul-
tiple trade-off solutions to support different operating
requirements [32-35]. These studies establish impor-
tant formulations and solution techniques for joint
task assignment and resource allocation, but generally
assume that the task set and system state remain fixed
during optimization.

2.2 Dynamic MEC Scheduling

Dynamic MEC scheduling updates task and resource
decisions as task demands, wireless conditions, user
mobility, and resource availability evolve over time [36].
Prediction-based approaches exploit anticipated system
states to support proactive scheduling and resource con-
figuration. Plachy et al. [37] combined mobility and
channel prediction to preallocate computing resources
and select communication paths for real-time task assign-
ment. Su et al. [38] incorporated idle mobile-device
computing resources into cloud—edge collaboration and
developed an online scheduling method for tasks with
flexible execution windows.

Lyapunov optimization has been widely adopted
for MEC problems involving long-term objectives and
time-varying constraints. By transforming the original
stochastic control problem into a sequence of per-slot
optimization problems, it has been applied to joint task
assignment and resource scheduling in energy-harvesting
MEC systems [17], communication and computing coor-
dination in vehicular MEC networks [39, 40], task
assignment in UAV-assisted IoT-MEC systems [41], and
resource coordination between asynchronous federated
edge learning and local computing tasks [42].

Learning-based approaches instead learn scheduling
policies from interactions with dynamic MEC environ-
ments. Deep reinforcement learning has been applied
to decentralized task offloading and function offloading
in edge computing systems [43, 44]. Multiagent, fed-
erated, and hierarchical reinforcement learning have
further been used for distributed task coordination, ser-
vice caching, workload allocation, and load balancing
[45-47]. Recurrent and transformer-based models have
also been introduced to capture temporal dependencies
in task migration and edge—cloud resource scheduling
[48, 49].

These approaches provide effective mechanisms for
adapting MEC operations to time-varying system con-
ditions. However, they typically seek a single scheduling
policy or a scalarized objective under a specified pref-
erence structure. When multiple conflicting objectives
must be optimized simultaneously and their trade-offs
evolve with the system state, the problem is more
naturally addressed from a dynamic multi-objective
optimization perspective.

2.3 Dynamic Multi-Objective
Optimization for MEC

In dynamic MEC systems, variations in newly arrived
tasks, wireless conditions, and available computing
resources can change not only the feasible deci-
sion space but also the trade-offs among multiple
objectives. Dynamic multi-objective evolutionary algo-
rithms address such changes by adapting the solu-
tion population as the optimization environment
evolves. DMOEA /D-COPMEC characterizes environ-
mental changes and combines similarity-aware memory,
population prediction, and adaptive decomposition for
dynamic computation offloading [50]. In parked-vehicle-
assisted edge computing, DMOEA /D-MSFR employs
population-center positioning, LSTM-based prediction,
and adaptive weight adjustment to respond to changes
in the task-assignment environment [51]. For vehicular
edge computing, DCMOA coordinates task assign-
ment and service caching through multi-population
coevolution and a dynamic feedback mechanism [52].

2.4 Research Gap and Motivation

Existing studies have advanced MEC optimization under
both static and time-varying environments. Dynamic
scheduling methods adapt decisions to evolving system
conditions, while dynamic multi-objective evolutionary
algorithms maintain trade-off solutions as the environ-
ment changes. However, batch-wise task assignment and
resource allocation introduce two challenges that remain
insufficiently addressed.

First, successive task batches may differ in size and
task attributes, weakening task-level correspondence
across slots and reducing the effectiveness of directly
reusing historical populations. Cross-slot knowledge
transfer therefore requires identifying historical deci-
sion information that remains relevant to newly arrived
tasks.

Second, discrete task assignment and continuous
resource allocation are tightly coupled within each
slot. Changing a task’s execution location alters the
communication and computing resources involved and
thus changes its resource-sharing context. Resource-
allocation information suitable for one location may
therefore become inappropriate after an assignment
change.



Accordingly, dynamic optimization for batch-wise
MEC requires both task-relevant cross-slot information
transfer and location-aware coordination of assignment
and resource allocation. These needs motivate the
task-feature-matched dynamic response and Location-
Resource Coupled Variation in LRC-DNSGA-II.

3 System Model and Problem
Formulation

The dynamic MEC system architecture is illustrated in
Fig. 1. It consists of a set of end devices N' = {1,..., N}
and a set of edge servers M = {1,..., M}. The schedul-
ing horizon is divided into T fixed-length decision slots
indexed by t € {1,...,T}, each with duration A. Com-
putational tasks arrive online in successive batches, with
a new batch becoming available at the beginning of
each decision slot. After observing the current task
and system states, the MEC controller jointly deter-
mines task assignment and communication/computing
resource allocation for the current slot. Because task
characteristics, wireless conditions, and available com-
puting resources may vary across slots, the resulting
decision problem evolves over time.

A task generated by device ¢ is denoted by 7; i, where
k is its task index at that device. Its intrinsic attributes
are

Aik = (Liks Dik, Oik) (1)

where L; j is the required number of CPU cycles, and
D, and O;) are the input and output data sizes,
respectively. Tasks are assumed to be independent and
non-splittable, and each task is executed entirely at one
location. The execution-location set is My = {0} U M,
where 0 denotes local execution and j € M denotes
execution at edge server j.

3.1 Task and System State

At the beginning of decision slot ¢, the computation-
active task set consists of newly arrived tasks 77V (t)
and admitted unfinished tasks 72 (¢), and is defined
as

T () = TV () U T™(2), (2)

where 71V () N T2 (¢) = @.
For each active task 7; i, ¢; 1 (t) denotes its remaining
computational workload at the beginning of slot t. The

remaining workloads of the active tasks are represented
by

0(t) = {li(t) | Tin € T (1)} . (3)

A newly arrived task satisfies ¢; 1,(t) = L; i, whereas

an admitted unfinished task satisfies 0 < ¢; 1 (t) < L; .
Each task in 729™(¢) retains its previously assigned
execution location and computing rate until completion.
Onuly the tasks in 7% (¢) participate in the optimization

performed at slot ¢. If 7"V (¢) = &, no new optimization
is invoked, and only the remaining-workload state is
updated.

Let £29™(¢) and Efdm(t) denote the admitted unfin-
ished tasks whose assigned execution locations are
device ¢ and edge server j, respectively. For each newly
arrived task 7, € T"V(t), let ; km(¢) € {0,1} indi-
cate whether the task is assigned to execution location
m € My, where m = 0 denotes local execution and
m = j € M denotes execution at edge server j. The
indicator x;;(t) € {0,1} specifies whether device i
can access edge server j in slot ¢t. Computing capac-
ity released by a completed task during slot ¢ becomes
available for new admission at the beginning of slot ¢+ 1.

The observed system state at slot ¢ is summarized by

S(t) = {7V @, T (1), 1), x(6), H@), B@), F™(0) |

(4
Here, H(t) represents the wireless channel conditions,
B(t) represents the available communication band-
widths, and F™?*(t) represents the available local and
edge computing capacities.

New task arrivals and exogenous changes in wireless
channel conditions, communication bandwidths, and
computing capacities cause S(t) to evolve across decision
slots. In a stateful deployment, the deployed scheduling
decision may further affect the next-slot state through
the remaining workloads, admitted unfinished tasks, and
reserved computing resources. Their evolution across
consecutive slots is described by the inter-slot state-
transition model below.

3.2 Local Execution Model

Among the tasks in 7"V (t), those assigned to local
execution at device ¢ constitute the set

Li(t) ={mix € TV () | wigo(t) =1}, ()

For each 7; 1 € £L29m(¢), let fllokc (t) denote its previously
assigned local computing rate.

The residual local computing capacity available to
newly arrived tasks is

Ef@t) =™~ > g, (6

Tik Gﬁ?dnl(t)

where F™?*(t) denotes the total local computing capac-
ity of device i at slot t.

For each 7, € L;(t), }Okc(t) denotes its assigned
local computing rate. The time required to complete its
remaining workload is

~

—
o~

=

Ti5e(t) = ey (7)
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Fig. 1 Dynamic MEC System Architecture

The corresponding local computing energy consump-

tion is

EIS(t) = rati () (£5) (®)
where k; is the effective switched capacitance coefficient
of device 1.

3.3 Edge Execution Model

For a task assigned to an edge server, the execution pro-
cess consists of uplink transmission, edge computation,
and result return. For a new task assigned to server j,
the uplink transmission rate is

P hi ;(t)
NoB (OB (1) )
(9)
where 31} ;(t) is the fraction of server j’s uplink band-
width allocated to the task, B;"(t) is the available uplink
bandwidth, Pf* is the transmission power, h; ;(t) is the
channel gain, and Ny is the noise power spectral density.
The corresponding uplink transmission duration is

R (1) = 6% ()BL(0)log (1 s

D; k
TuP _ i,
,K,]

(10)

Uplink transmission is completed in the slot in which
the task is assigned, whereas edge computation may
span multiple slots. For each 7; , € £29™(t), let ffig;(t)
denote its previously assigned edge computing rate. The

residual computing capacity available to new tasks is

> g,

T EEMm (1)

FIS(t) = FI(t) — (11)

where F"**(t) denotes the total computing capacity
available to MEC tasks at server j in slot ¢.

Among the new tasks, those assigned to server j
constitute

Eit)={mr e TV | @ik, ) =1}. (12)

For each 7; 1 € &;(t), ffig;(t) denotes its assigned

computing rate. Its computation delay is

li (1)

cmp —
Tivk»j (t) - fedge(t)’
i,k,j

(13)

After edge computation is completed, the result is
returned to the corresponding device. The result-return
duration is

Oix

R0
where R{9""(t) denotes the effective downlink rate
from edge server j to device 4, which is determined
by the underlying downlink communication system.
The downlink rate is not optimized in the formulated
problem.

The time required to complete task 7;; at edge
server j is

down ( )

ik, (14)



TEE () = T2, () +

i,k,j i,k,j TCmp( ) Tldgv;n( ) (15)

i,k,J

The device energy consumed during edge execution
includes energy for uplink transmission, device idling
during edge computation, and result reception:

edge( )

ik Pthup ( )+deleTgmp(t)

i,k,j i,k,j (16)
+ Prdeown( )7

where Plvidle and P;* denote the idle and receiving powers
of device i, respectively.

3.4 Dynamic Bi-Objective Optimization
Problem

For each 7; ), € T°%(t), the completion delay and device
energy consumption are, respectively,

T k(t) Tzk;@C(t)a xi,k,O(t) =1, (17&)
? ed e
7 k,g] (t) xl,k](t) = la
Edzv(t) _ Eic;lcc( )a xi,k,O(t) =1, (17b)
" B (), @ik (t) =1,

When |77V (¢)] > 0, the average task completion
delay is defined as

Z T; 1 (t)

Ti,k €T 2V (1)
[Trev (@)

and the average device energy consumption is defined as

> BN

T3,k €T 1w (8)
|Trev(8)]
Let the decision-variable sets for the newly arrived
tasks in slot ¢ be

T(t) =

(18)

Edev (t) _

(19)

X(t) =A{xipm(t) | Tip € TV(t), m € Mo},

(20a)

BU(t) = {818 () | T € T (1), j € M}, (20b)
Floc(t) = { loc( t) | i € T™V(D)}, (20c)
Fedee () = {515 0) | min € T (1), j € M} (200)

The dynamic bi-objective optimization problem at
slot t is formulated as

i &) = (T(t), Bt 21
o ey 2O (T, B 1)) (21)

st Cl:aygm(t) € {0,1},Vrp € TV (t), m € Mo,

) =1,V € TV (),

C2: Z xzkm

meMo
C3 i (1) < xiyj (1), V7 € TV (2), 5 €M,
Cdregaip,;(t) < By 5 () < @ik, 5(0),

V1 € TV (1), j € M,

C5: Y BR,H<LVieM,
Ty, €T (1)

C6 : TZUII:J( ) <AV € E5(), jEM,

CT i oo (O F™ < SIS (1) < @i 0 (0) [,
\V/Ti k€ TDQW( )

C8: > i) S FI(t),VieN,

Ti,k €L ()

d
C9: g ()M < ffkgje( ) < @i g, (0) 7,
Vrip € TV(t), 5 €M,

c: > ff*,fj( ) < EJ*(t),¥j € M.
i,k €E; (1)

Constraint C1 defines the binary execution-location
variables, while Constraints C2 and C3 require each
newly arrived task to select exactly one execution loca-
tion and exclude inaccessible edge servers, respectively.
Constraints C4 and C5 link uplink-bandwidth allocation
to edge assignment and enforce the bandwidth budget
of each server, respectively. Constraint C6 requires each
edge-assigned task to complete its input upload within
the current decision slot. Constraints C7 and C9 impose
the computing-rate bounds for local and edge execution,
respectively, while Constraints C8 and C10 ensure that
the aggregate computing rates do not exceed the resid-
ual capacities of the corresponding devices and edge
servers.

The observed state must additionally satisfy

DDA

i,k €LEM(¢)

> as®

Tik €55‘dm (t)

< Fm™() Vie N,  (S1)

<FMX(1),¥j e M. (S2)

Conditions S1 and S2 ensure that the computing rates
reserved for admitted unfinished tasks do not exceed
the total capacities of the corresponding devices and
edge servers.

3.5 Decision Deployment and Inter-Slot
State Evolution

Let Q9(t) denote the feasible scheduling decision
deployed at slot t, where the superscript d indicates the
corresponding quantities under the deployed decision.
The workload evolution depends on both the exe-
cution location and whether a task is newly assigned
or already admitted. A newly assigned local task can
use the entire slot for computation. Therefore, for



Ti.k € L£;(t), its remaining workload at the beginning of
slot t + 1 is

0;,(t + 1) = max {Lz,k — flsed(n)a, o} . (22)

An admitted unfinished local task continues process-

ing its remaining workload at its retained computing
rate. For 7; ; € £24m(¢),

gt + 1) = max {£;,(t) — fi5%(H)A, 0} (23)

For a newly assigned edge task, edge computa-
tion begins after its input data have been uploaded.
The deployed uplink transmission time ﬂugf(t) is
obtained from the uplink transmission model using the
deployed bandwidth allocation. Hence, the computing
time available within the current decision slot is

0 = max {A - TR, 0f 20

Its remaining workload is then updated as

i r(t+1) = max {Li,,~c — FE (e (1), 0} . (25)
An admitted unfinished edge task has already com-
pleted its input upload and continues edge computation
throughout the slot at its retained computing rate. For
Tik € 5;—1dm(t),

redge

0; 1t + 1) = max {ei,k(t) — FEER()A, o} . (26)
After these workload updates, only tasks with unfin-

ished computation are carried forward. Accordingly,

T+ 1) = {rip € T*(t) | Lin(t+1) >0} . (27)

Each task in 7249 (¢ + 1) retains its assigned exe-
cution location and computing rate. Together with the
exogenous system conditions observed at slot t+1, these
carried-forward tasks and their remaining workloads
define the next system state S(t + 1).

4 Proposed Algorithm

To address task-set changes across decision slots and
the coupling between offloading locations and resource
allocation, we develop LRC-DNSGA-II. The follow-
ing subsections describe its main procedure and key
components.

4.1 Design Motivation and Overview

As the set of newly arrived tasks changes across decision
slots, the same chromosome position may correspond to
different tasks, making position-based reuse of historical

solutions unreliable. Within a slot, the resource alloca-
tion of a task depends on its execution location. When
location mutation changes the execution location of a
task, the task becomes associated with a different set
of shared communication and computing resources, and
its current resource weights may no longer be suitable.

LRC-DNSGA-II is therefore centered on location—
resource coupled variation (LRCV), with task-feature-
matched dynamic response (TFM) used for cross-slot
population adaptation. TFM establishes task correspon-
dence across consecutive decision states and transfers
task-relevant historical decision information to the cur-
rent population. During within-slot evolution, LRCV
restricts location mutation to accessible execution sites
and resets the corresponding resource-weight genes
only when a location mutation changes the execution
location.

4.2 Overall Procedure

Algorithm 1 summarizes the slot-level procedure of LRC-
DNSGA-II. At the beginning of slot ¢, the current system
state S(t) is observed, and task features are constructed
for the Ky = [TV (t)| newly arrived tasks. If K; = 0,
no new optimization is performed and only the admitted
unfinished tasks are advanced. If one or more intervening
slots contain no newly arrived tasks, the TFM response
at the next nonempty slot uses the population and task-
feature matrix retained from the most recent preceding
nonempty slot. Let ¢, () denote the feature vector of
task ¢q. The corresponding task-feature matrix is

T(t) = [¢y(t)..... b, (1)), (28)
where the construction of ¢,(t) is described in
Section 4.4.

Let Xt(o) denote the population used to initialize
the optimization at slot ¢t. For ¢t = 1, the population is
initialized as described in Section 4.3.1. For ¢ > 1, TFM
constructs Xt(o) from the previous-slot population X;_4
using the cross-slot correspondence derived from W(t—1)
and ¥ (t). Historical objective values are not retained;
all individuals in Xt(o) are decoded and re-evaluated
under the current state S(t).

Starting from Xt(o), the algorithm performs G gen-
erations of within-slot evolution. In each generation,
parent solutions are selected by binary tournament, and
LRCV is applied to generate offspring. The offspring are
decoded and evaluated under S(t), followed by standard
NSGA-II environmental selection. For an infeasible indi-
vidual, both objective values are assigned the common
penalty I'pen = 1012 before nondomination ranking and
crowding-distance calculation.

After G generations, the resulting population is
denoted by AX;, and its feasible nondominated mem-
bers form the approximation set P;. If P, = &, no
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Fig. 2 Overall Procedure of LRC-DNSGA-II

accessibility

new scheduling decision is deployed, and the previ-
ously admitted unfinished tasks continue their allocated
execution.

For a nonempty P, a single representative solution
is selected for deployment. Since the delay and energy
objectives have different scales and no prior preference
is imposed between them, they are normalized over P
and given equal importance:

2

d .
Q7 (t) = arg min
( ) gQE'Ptrzl

£(9) — £ (1)
(1)~ (e ()

where r € {1, 2} indexes the two objectives, f,.(£2)
denotes the value of objective r for solution €, with
fi = T(t) and fo = E9(t). The quantities f™"(¢) and
fmax(¢) are, respectively, the minimum and maximum
values of objective r among the solutions in P, and
€, > 0 is a small constant used to avoid division by zero.

The selected decision Q%(#) is then applied to the
MEC system, and the remaining workloads are updated
according to Section 3.5. The final population X; and
task-feature matrix ®(t) are retained for constructing
the response population at slot ¢ + 1.

4.3 Solution Representation and
Decoding

4.3.1 Solution Representation and
Initialization

At slot t, only newly arrived tasks are encoded, whereas
admitted unfinished tasks retain their deployed execu-
tion locations and computing rates. Let K; = [TV (¢)],
and index the newly arrived tasks by ¢ € {1,..., K;}.
Each candidate solution is represented by the chromo-

some & = (z, w8 wl'), whose gth components are z,

‘ \
1 1 I
1 | I
| o
1 0 1 }
H Build task-feature o Parent
| Previous tasks vectors [ chromosome
! : ! Composed of task-gene blocks
i i
! n B & o § = (@@w'wh)
| [
| Greedy one-to-one ' N Task-g gene block
! matching v
B F
| . 2 we|w;
| 1 I | z: Location gene
! ! I | wP: bandwith weight gene
! Matched task transfer I | W computing weight gene
H G 4G Gz qs qs + random task mappings ' |
1 1 I
! Current tasks Unmatched ! !
' task 1 1
| Features: Introduce random .
| workload and data size immigrants .
! local/edge delay—energy Lo
i references [
| o
1 o
1 1 I

Subsequent decoding
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Resource-weight reset
and mutation

Only if location mutation changes Z,

| Bounded decoding
Reset resource weights to the

! feasibility evaluation target-group median

Apply log-domain
resource weight mutation

offspring population

B

w,’, and wf , respectively. For task ¢, z;, € M denotes
its execution location, where z; = 0 represents local
execution and 2z, = j, j € M, represents execution at
edge server j. The positive genes wf and w,f denote
the uplink-bandwidth and computing-resource weights,
respectively, with wf used only for edge execution.

At t = 1, the initial population Xl(o) consists of one
feasibility-oriented seed and N, — 1 randomly initialized
individuals. The seed uses unit resource weights and
assigns each task to the accessible execution location
with the smallest reference delay. If the resulting solu-
tion is infeasible, an all-local solution is evaluated as
an alternative. If neither solution is feasible, the orig-
inal seed is retained and subsequently handled by the
common penalty-based evaluation. The remaining indi-
viduals are generated with random location genes and
positive resource weights, and are then decoded and
evaluated under S(1).

4.3.2 Location Decoding and Resource
Grouping

Let i, denote the originating device of task g¢. Its
accessible execution locations are

ME(t) ={0yU{j e M:xi, () =1} (30)

If z, & M5(t), the location gene is reset to z,
0. The resulting z, specifies the execution location of
task ¢ and determines the corresponding assignment
variable in the system model. After location repair,
the newly arrived tasks are grouped according to the
communication and computing resources they share.



Algorithm 1 Overall Procedure of LRC-DNSGA-II
Input: Np, T, G;
TFM parameters (pm, pi, \);
LRCV parameters (pc, P>, Cm, D5 0)
Output: {P;, Q4 (1)},
1: fort =1to T do
2:  Observe S(t) and set K; + [TV ()]
3: if Ky =0 then
4 Set Pr, Q4(t) + @; advance admitted unfinished
tasks
Retain the most recent nonempty (X, ¥) and
continue
end if
Construct ¥(t) for the newly arrived tasks
if t =1 then
Initialize X 0 according to Section 4.3.1
else
1 Construct X from X, using TFM with ¥(t—1)
and ¥(t)
12:  end if
13:  Decode and evaluate Xt(o) under S(¢) using the

o

SV PP

—

common penalty rule; set Xy < Xt(o)

14:  Assign nondomination ranks and crowding distances
in X

15:  for g=1to G do

16: Repeatedly select parent pairs by binary tourna-

ment and apply LRCV (Algorithm 2) until N
offspring O are generated

17: Decode and evaluate O; under S(t) using the
common penalty rule
18: Xy NSGAHSelect(Xt U Oy, Np)

19:  end for
20:  P¢ < ND(A}) over feasible individuals
21: if Pt = @ then

22: Set Q4(t) « @

23: Advance previously admitted unfinished tasks and
store X, W(t)

24: continue

25:  end if

26:  Select and deploy Q9(t) using Eq. (29)

27:  Update remaining workloads using Section 3.5 and
store X, ¥(t)

28: end for

20: return {P;, Q4 (¢)}7,

For each edge server j, the set of newly arrived tasks
assigned to server j is defined as

G5 (z) = {qg e {1,....Ki} 1 zg=j}.  (31)
Similarly, the locally executed tasks at device i form
Glv(z) ={qe{l,.... K} rig =1, z,=0}). (32

Tasks in g;’dge(z) share the uplink bandwidth and
residual computing capacity of server j, whereas tasks
in g,!OC(z) compete only for the residual local computing
capacity of device 1.

4.3.3 Bounded Resource Decoding

After the execution locations are fixed, the resource-
weight genes are converted into actual bandwidth and
computing-resource allocations for the corresponding
tasks.

Table 1 Bounded Resource Decoder

Resource Yq wq R (a,b) P
Uplink up B
up (g 1 es,1 1
bandwidth Diakad (D) (ea: 1)
Edge edge P _ .
A . t w FI.CS t lj)’)ln7 max 1
oS 0 Wl F() (g
Local

0%, () wg FE() (f £1e) mi(t)
computing )

Consider a nonempty task set G with n = |G|. Let
R denote the available resource, (a,b) the per-task
lower and upper bounds, {wq }4eg the positive resource
weights, and p € [0,1] the utilization factor. When
R > na, the resource allocated to task ¢ is

w
Yg =Mmin< b, a + —=—+—p (min{ R, nb} — na)} .
! { Zreg Wr-
(33)

The term na accounts for the minimum allocation
required by all tasks in G. The remaining resource,
min{ R, nb} — na, is distributed according to the rela-
tive weights, with p controlling the amount used for
this allocation. The outer minimum limits each task to
its upper bound b. Any resource left after this clipping
is not redistributed. When R < na, the lower bounds
cannot be satisfied, and the individual is treated as
infeasible under the common penalty rule.

Table 1 gives the corresponding quantities for uplink
bandwidth, edge computing, and local computing. Here,
k4 denotes the task index of task g at device ¢4. Since
Birk,.;(t) is a bandwidth fraction, its total budget is
normalized to R = 1. For edge and local computing, R
is the residual computing capacity of the corresponding
server or device.

Uplink bandwidth and edge computing use p = 1.
For local computing, the utilization factor is

. 1 F
i (t) = min 17 M Z U]q . (34)
q€G;°°(2)

The relative values of wg determine how the local
CPU is shared among the tasks, while their average mag-
nitude determines, through 7;(¢), how much capacity is
allocated beyond the minimum requirements. After loca-
tion and resource decoding, each chromosome specifies
the complete task-assignment and resource-allocation
decision used for objective evaluation.

4.4 Task-Feature-Matched Dynamic
Response

For t > 1, TFM is applied at the transition from slot
t — 1 to slot ¢ to construct the response population Xt(o).



Rather than transferring genes according to chromo-

some positions, it establishes correspondence between

previous-slot and current tasks using intrinsic task

attributes and state-dependent execution references.
For a current task g, the matching feature is

$q(t) = [log(1 + Li, k), log(1 + Di,x, ),
log(1+ i, 1), log(1 + Ty (1)),
log(1+ B (1)), (X5 (1), log(1 + Ty (1),
)
R R (35)
Téoc (t) and Elqoc(t) denote the reference

delay and energy for local execution, while f;gge(t)

Here,

and Esfijge(t) denote the corresponding references for
execution at server j. The three edge-side features
are concatenated over j = 1,..., M. The reference
computing rates are

[t = max{min{Fir:S(t), ff?ax} aenum} , (36a)

Fooee(t) = max{min{ F}**(¢), [} ,epum } - (36D)

The corresponding communication-rate references
are

AUP _ Bup 1 1 Zﬁqxhiqvj (t)
q,j(t) — max I (t) 089 + W ,€num ¢ »
(37a)
Ryor™(t) = maX{R?;’,?“(t), enum} (37Db)

where £,um = 10712 is a numerical floor. The ref-
erence delay and energy terms in (35) are obtained
by substituting these quantities into the local- and
edge-execution models. The edge-side references are eval-
uated for all servers, while accessibility is represented
separately by x;,,;(t).

A current task ¢ and a previous-slot task r are
compared using

1/2

dg 2
) = ¢q,d(t) - ¢r,d(t - 1) i i
dt(q7 ) - dgl ( Sd(t) ) +)‘H( q # 'f')v

(38)
where ¢ q(t) is the dth component of ¢, (t), dy =
5+3M is the feature dimension, and s4(t) is the standard
deviation of component d computed from the pooled
task features at slots ¢t — 1 and ¢, lower-bounded by
€ > 0. The parameter A > 0 penalizes cross-device
matching, and I(+) is the indicator function.
All current—previous task pairs are evaluated using
(38) and ordered by increasing distance. Pairs are
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accepted sequentially if neither task has been matched,
yielding one-to-one task correspondences. Matched cur-
rent tasks inherit the location and resource-weight genes
of their previous-slot counterparts, while unmatched
tasks are initialized with an accessible location and
positive random resource weights. For random map-
ping, previous-slot task genes are assigned to current
tasks without replacement when K; < K;_1 and with
replacement otherwise. Any inherited edge location that
is no longer accessible is reassigned to the accessible
server with the largest current channel gain, or to local
execution if none is accessible.

At slot ¢, the final population X;_; is adapted
to the current task set. Among the NN, individu-
als, round(p,,N,) use the matched task correspon-
dence, while the remainder use random task mappings,
where p,, € [0, 1] denotes the matched-transfer ratio.
The adapted population is then partially replaced
by max{1,round(p;Np)} random immigrants, where
pi € [0,1] is the random-immigrant ratio. The resulting

population forms Xt(o) and is re-evaluated under S(t).

4.5 Location—Resource Coupled
Variation

In the proposed chromosome, the resource weights of
a task are interpreted together with its execution loca-
tion. When location mutation changes the execution
location, the task enters a different allocation context,
and its current resource weights may no longer be suit-
able. LRCV therefore couples feasible location mutation
with a mutation-triggered reset of resource-weight genes.
Location mutation is restricted to accessible execution
sites; when it changes the location, the bandwidth and
computing resource-weight genes are reset according to
the new allocation context. Since the resource weights
are positive, their crossover and mutation are performed
in the logarithmic domain.

4.5.1 Crossover and Location Variation

For a parent pair indexed by a and b, offspring 1 and
2 are initialized as copies of the parent chromosomes.
Crossover is applied with probability p. € [0, 1]. Let wéys)
denote the resource-weight component v € {B, F'} of
task ¢, where s € {a, b} denotes a parent and s € {1,2}
denotes an offspring.

When crossover occurs, uniform crossover is applied
to the location vectors, while the resource weights are
recombined as

wé’l = exp [aq log w((;,’a + (1 —ay)log w((:b)] , (39a)
wé”Q) = exp [(1 — o) log w((fg + a4 log w((:b)] ,  (39b)

where oy ~ U(0,1). The same ¢ is used for the two
resource-weight components of task q.



The offspring locations are first checked against
Mee(t). If an inherited location is inaccessible, it is
repaired by setting z, = 0.

Since the number of newly arrived tasks varies across
slots, using a fixed per-gene mutation probability would
cause the number of location changes to increase with
chromosome length. To keep the location variation at a
comparable level across slots, the mutation probability
is defined as

where ph®* € [0, 1] limits the mutation probability of
an individual location gene, and ¢, > 0 controls the
expected number of selected location genes per offspring.
Accordingly, K;p°®(t) < cp.

Each location gene is independently selected for
mutation with probability plo¢(¢). To avoid generat-
ing inaccessible assignments, a new location is sampled
directly from M5°(t) \ {z,} whenever this set is

nonempty.

loc : max Cm
t) = — 40
Pl (t) = min {pm 'K, (40)

4.5.2 Resource-Weight Reset and Mutation

Whenever location mutation changes the execution
location of task ¢, its bandwidth and computing
resource-weight genes are reset before ordinary resource
mutation is applied. As the location genes are processed
in chromosome order, let z(? denote the current loca-
tion vector after task g has been repaired and possibly
mutated. The reference set for task ¢ is

When a location mutation changes z4, each resource
weight is reset to the corresponding median in this set:

H, (z<q>> = {r e{l,... K} : 29 = zé‘” (41)

wg”) < median {w,(«”) 7 € Hy <z<q>)} . (42)
The median provides a reference value for the new
location. Since task ¢ itself belongs to H,(z!?), its
weight remains unchanged if no other task has the same
encoded location. For local execution, H, is used only
for weight adaptation; the actual computing allocation
is still decoded within the device-specific set in (32).
After the location-dependent adaptation, each
resource weight is independently selected for mutation
€ [0,1]. When selected, e((]”) ~

res

with probability po

N(0,0?) is applied as
w((z”) +— exp (1og wé”) + 6((1”)> ,v € {B, F}, (43)

where ¢ > 0 controls the mutation strength. For

numerical stability, the resulting resource weights are
lower-bounded by &, = 107°.
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Algorithm 2 Location—Resource Coupled Variation

Input: Parents £2, &0, {Mgcc(t)}ffztl, and LRCV parame-
ters (p&p%ax’ cm,pfﬁs, U)

Output: Offspring 51,52
1: Copy the parents to the offspring
2: if crossover is activated with probability p. then
3:  Apply uniform crossover to the location genes and
Eq. (39) to the resource weights
4: end if
5: Compute pio°(t) using Eq. (40)
6: for each offspring and ¢ = 1 to K} in chromosome order
do

7. if zg ¢ M5(t) then

8 zqg <0

9: end if

10: 209 24

11:  if location mutation is activated with probability
PoC(t) and M2°°(t) \ {2¢} # @ then

12: Sample zg from MG () \ {zq}

13:  end if

14 if zg # 299 then

15: Reset w2, wk using Bqs. (41)-(42)

16:  end if

17: for v € {B,F} do

18: if resource mutation is activated with probability

phy’ then

19: Apply Eq. (43) to wqu)

20: end if

21: Set wgy) — max{w((zu), Ew}

22:  end for

23: end for

24: return £1 , {2

The resulting offspring are decoded under S(t¢) and
evaluated in the within-slot evolutionary loop.

4.6 Computational Complexity

For t > 1, TFM is executed once at the slot tran-
sition. Its dominant cost comes from evaluating and
sorting the K;K; 1 cross-slot task pairs, resulting in
O(K i Ki—1[dg + log(K i Ki—1)]).

During within-slot evolution, the worst-case cost of
LRCV is O(N,K?) per generation due to the location-
dependent grouping used to reset resource weights after
location mutation. Decoding and objective evaluation
require O(N,K(N + M)), while NSGA-II environmen-
tal selection requires O(N7). Therefore, the dominant
complexity at slot ¢t > 1 is

O(KiKi-1[dy +log(KiKi-1)] "
44
+ G[N,K? + N, K, (N + M) + Ng]).

The one-time response-population adaptation and
evaluation are of lower order than the repeated within-
slot cost and are omitted from the dominant expression.
At t = 1, the inter-slot matching term is absent.



5 Experimental Results and
Analysis

We evaluate LRC-DNSGA-II in the dynamic MEC envi-
ronment described above. The experiments examine its
solution quality, adaptation to environmental changes,
delay—energy trade-offs, scalability, and component
effectiveness.

5.1 Experimental Setup and
Comparison Algorithms

All algorithms were implemented in Python 3.7.1, and
the experiments were conducted on a Dell Precision
3650 Tower running Windows 11, equipped with an Intel
Core i7-11700 CPU at 2.50 GHz and 16 GB of RAM.
The simulated MEC system consists of 50 end devices
and 5 edge servers and evolves over six consecutive deci-
sion slots with temporally correlated system conditions.
From S1 to S3, task attributes, wireless conditions, and
available computing resources vary gradually. At S4,
a persistent joint change is introduced relative to S3:
task workload and input size are increased by 20% and
10%, respectively, while channel gain, uplink bandwidth,
edge computing capacity, and local computing capacity
are reduced by 35%, 15%, 20%, and 10%, respectively.
These changed conditions are retained in S5 and S6,
together with normal slot-to-slot variations.

LRC-DNSGA-II is compared with DNSGA-IT [53],
adapted DMOEA/D-COPMEC [50], DMOPSO [54],
and TL-MOEA [55]. These methods represent different
approaches to dynamic multi-objective optimization,
including population inheritance, decomposition, swarm
search, and learning-assisted adaptation. For each paired
run, all algorithms are evaluated using the same task
arrivals and system states, with the same decision encod-
ing and objective evaluation procedure. Thirty runs are
performed for each algorithm, with a population of 80
evolved for 30 generations in each decision slot.

The common algorithmic settings and the main MEC
system parameters are summarized in Tables 2 and 3,
respectively.

5.2 Parameter Selection

The parameter analysis considers p,, and p; for TFM
and ¢,, and ¢ for LRCV. The former two affect matched
transfer and random immigration, whereas the latter
two govern location variation and the perturbation of
resource weights.

We begin with the response parameters, using a
3 x 3 grid with p, € {0.10,0.20,0.30} and p; €
{0.15,0.20,0.25}. In this experiment, ¢,, = 5, o = 0.30,
and pha* = prs = (.10 are kept unchanged. The
selected response setting is then used when examining
¢m € {3,5,7} and o € {0.20,0.30,0.40}, with the two
mutation probabilities still set to 0.10.
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Table 2 Experimental and Algorithm Parameters

Parameter Value
General settings

Population size N 80
Generations per slot G 30

Decision slots T' [

Crossover probability p. 0.90
LRCYV parameters
Maximum location-mutation probability p,.**  0.05

Location-mutation budget ¢, 3

Resource-mutation probability p;o° 0.05

Mutation strength o 0.30

TFM parameters

Matched-transfer ratio pm, 0.30

Random-immigrant ratio p; 0.20

Cross-device matching penalty A 0.75
Table 3 Main MEC System Parameters
Parameter Value
Number of devices N 50
Number of edge servers M 5
Slot duration A 5s
Newly arrived tasks per slot [30, 60]
Workload [300, 5000] Mcycles
Input data size [0.5,5.0] MB
Output data size [0.05,0.5] MB
Uplink bandwidth [5,20] MHz
Channel gain h; ;(t) [1079,1079]
Noise power spectral density No 1.0 x 10720 W /Hz
Downlink rate [20, 100] Mbps
Local CPU capacity [0.5,2.0] GHz
Edge CPU capacities {20, 25, 30, 35,40} GHz
Transmit power [0.3,1.0] W
Receive power [0.1,0.3] W
Idle power [0.05,0.15] W

Effective capacitance k; [1.0,5.0] x 10728

Each parameter setting is evaluated over 10 runs.
Within a run, all settings use the same dynamic MEC
sequence. For each decision slot, the settings are ranked
separately by final HV and IGD, and the two ranks
are averaged. The reported mean rank is obtained by
averaging these values over all runs and slots. The results
for the response parameters and LRCV parameters are
shown in Fig. 3(a) and Fig. 3(b), respectively. When
the mean ranks are close, aggregate HV and IGD are
also considered.

For the response parameters, (pp, p;) = (0.30,0.20)
gives the selected setting. The LRCV results favor
¢m = 3. Although o = 0.20 has a slightly better mean
rank, o = 0.30 produces higher aggregate HV and lower
aggregate IGD, and is therefore used in the subsequent
experiments. With (¢p,,0) = (3,0.30), the common
mutation probability is further compared at 0.05, 0.10,
and 0.15. Their mean ranks are 1.59, 2.03, and 2.38,
respectively, leading to pi2* = p;°° = 0.05.

m

5.3 Final Performance in HV and IGD

We use hypervolume (HV) and inverted generational
distance (IGD) to compare the final Pareto approxima-
tions in each decision slot. For a given slot, the final
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o
I o
) W

Random-immigrant ratio p;
°
&

0.1
Matched-transfer ratio p,,

0.2 0.3

Fig. 3 Joint parameter analysis of LRC-DNSGA-II

feasible nondominated solutions from all algorithms and
30 runs are pooled, and the objective values are normal-
ized using the componentwise minimum and maximum
values of this set. The same pooled solutions are used
to build the reference set for IGD. HV is computed in
the normalized objective space with r = (1.1,1.1) as
the reference point.

Tables 4 and 5 give the mean and standard deviation
of the final HV and IGD values over 30 runs. LRC-
DNSGA-II is compared with each baseline using a two-
sided paired Wilcoxon signed-rank test at a = 0.05,
followed by Holm correction. The symbols +, ~, and
— indicate significantly better, no significant difference,
and significantly worse performance of LRC-DNSGA-II,
respectively. Dark and light shading mark the best and
second-best mean values in each slot.

LRC-DNSGA-IT achieves the highest mean HV and
the lowest mean IGD in all six slots, with significant
differences from all comparison methods after Holm cor-
rection. Averaged over the six slots, its HV improvement
ranges from 5.33% to 30.73%, while the IGD reduction
ranges from 22.40% to 64.57%. The advantage is there-
fore observed in both metrics throughout the six-slot
sequence.

Figs. 4 and 5 further show the run-level distributions
underlying Tables 4 and 5. Across the six slots, the
distributions of LRC-DNSGA-II remain consistently
favorable, indicating that the observed improvements
are not driven by a small number of runs.

5.4 Evolutionary Behavior under
Dynamic Changes

Figs. 6 and 7 show how HV and IGD evolve over the
six decision slots. Each curve gives the mean over 30
runs, with the shaded region showing the corresponding
standard deviation.

From S2 onward, the slot transitions cause a
temporary drop in solution quality as the task and
resource conditions change. LRC-DNSGA-II recovers
more quickly in most slots and subsequently maintains
higher HV and lower IGD for much of the evolutionary
process. The differences become clearer in the later slots,

Resource-mutation strength o
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(b) LRCV parameters
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Table 4 Final HV by Decision Slot

Slot DNSGA-II DMOEA/D-COPMEC DMOPSO TL-MOEA LRC-DNSGA-IT
s1 9.8247e—01 (8.34e—02)" 9.6819e—01 (8.92e—02)" 8.0304e—01 (9.24e—02)" 9.7814e—01 (8.64e—02)" ' 1.0201e+00 (7.74e—02)
S2 1.0064e+00 (5.26e—02) T 1.0171e+00 (6.24e—02) " 8.2766e—01 (1.02—01)" 1.0102¢-+00 (5.33e—02)"  1.0774e-+00 (4.91e—02)
S3 9.7941e—01 (7.20e—02)" 9.5331e—01 (7.31e—02)" 8.0601e—01 (9.58e—02)" 9.9152e—01 (7.16e—02)" 1.0474e+00 (6.08e—02)
sS4 9.7391e—01 (7.47e—02)" 9.3273e—01 (7.58e— 02)+ 8.1391e—01 (1.09e—01)T 1.0023e+00 (7.24e—02)" 1.0646e+00 (5.41e— 02)
S5 9.6239e—01 (8.56e— 02)+ 9.0358e—01 (8.76e— 02) 7.8857e—01 (1.00e— 01)+ 1.0066¢+00 (6.96e—02)  1.0560e+00 (6.48¢—02)
S6 9.3275e—01 (6.36e— 02) 8.7778e—01 (7.67e—0 ) 7.7685e—01 (1.03e— 01) 9.8874e—01 (6.39e— 02) 1.0304e+00 (5.38¢—02)
)~ /- 6/0/0 6/0/0 6/0/0 6/0/0 -
Table 5 Final IGD by Decision Slot
Slot DNSGA-II DMOEA/D-COPMEC DMOPSO TL-MOEA LRC-DNSGA-II
S1 1.2167e—01 (5.79e—02)Jr 1.4413e—01 (6.22e— 02) 2.6297e—01 (7,44e—02)Jr 1.2422e—01 (5.88e—02) 9.6487e—02 (5.08e—02)
S2 1.1831e—01 (3.6613702)Jr 1.3159e—01 (4.53e— 02) 2.7470e—01 (6.908702)+ 1.1973e—01 (3.888702) 9.1154e— 02 (3.42e—02)
S3 1.3920e—01 (4.41e702)+ 1.5877e—01 (4.83e— 02) 2.7615e—01 (7.73e702)+ 1.3500e—01 (4.50e—02)"  1.0420e—01 (3.72¢—02)
S4 1.3112e—-01 (4.436—02) 1.6122e—01 (4.84e— ) 2.6527e—01 (7.926—02) 1.2090e—01 (4,236—02) 9.0512e—02 (3.48e—02)
S5 1.2962e—01 (5.106—02) 1.6701e—01 (5.46e— 02) 2.7683e—01 (7.31e—02) 1.1543e—01 (4.37e—02) 8.8097e—02 (3.80e—02)
S6 1.6756e—01 (3.780702) 2.0394e—01 (5.01le— 02) 2.9679e—01 (7.620702) 1.3927e—01 (3.830702) 1.1506e—01 (3.16e—02)
/)~ /- 6/0/0 6/0/0 6/0/0 6/0/0 -
—— DNSGAI the shaded region reflects the interquartile variation
05k DMOEA/D-COPMEC ] aCross runs
) —+— DMOPSO °
T MeMoes At S1, before a previous population is available

04 for transfer, the curves of LRC-DNSGA-II, DNSGA-

503 \‘N\h\*\m‘\‘“‘-\.—:‘h‘"““ I1, and TL-MOEA are relatively close. After the first
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Fig. 7 IGD convergence

where the changes in the system state have accumulated.
DNSGA-II and TL-MOEA also show recovery after each
transition, but generally remain below LRC-DNSGA-
II. DMOEA/D-COPMEC shows stronger fluctuations
after the transitions, while DMOPSO tends to improve
more slowly and maintains relatively high IGD.

The evolutionary trajectories therefore agree with
the final HV and IGD results reported above, while also
showing how the differences between the algorithms
develop within each decision slot.

5.5 Trade-Offs Between Delay and
Energy

Fig. 8 depicts the delay—energy trade-offs of the five algo-
rithms over the six decision slots. Rather than showing a
single run, each curve summarizes empirical attainment
over the 30 paired runs. For a given delay threshold, the
energy value from one run is the lowest energy among its
final nondominated solutions that meet that threshold; a
run with no such solution is regarded as unattained. The
solid line shows the median attainable energy, whereas
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environmental transition, LRC-DNSGA-II stays below
the other methods throughout most of their common
delay range, meaning that it can achieve lower device
energy at comparable delay levels. This separation is
particularly clear in S4-S6, where the task and resource
conditions have changed more substantially. DNSGA-II
and TL-MOEA remain the closest competitors, while
DMOEA /D-COPMEC and DMOPSO tend to require
higher energy over most delay thresholds.

5.6 Scalability and Runtime

To examine the effect of task scale, the numbers of end
devices and edge servers are kept at 50 and 5, while the
number of newly arrived tasks per slot is set to 50, 75,
and 90, corresponding to the Small, Medium, and Large
settings, respectively. All three settings use the same
six-slot experimental protocol, evolutionary budget, and
30 runs.

Tables 6 and 7 report the slot-wise HV and IGD
results at the three task scales. LRC-DNSGA-II obtains
the highest mean HV and the lowest mean IGD at every
scale and decision slot. Nearly all pairwise comparisons
are significant, with only one nonsignificant case and
no significant loss. The differences from the comparison
methods also become more evident as the number of
tasks increases, showing that the performance advantage
is maintained at larger task scales.

Table 8 reports the average wall-clock optimiza-
tion time at the three task scales. The runtime of
LRC-DNSGA-II increases from 7.04 to 8.34 s as the
number of tasks increases from 50 to 90. Compared with
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DNSGA-II, the additional runtime ranges from 0.77 to
1.34 s, corresponding to an increase of 12.3%—20.1%.
Its runtime remains close to that of TL-MOEA, while
DMOPSO requires less computation time but shows
clearly poorer HV and IGD performance.

5.7 Ablation Study

Two ablation variants are used to examine the effects of
TFM and LRCV separately. LRC-DNSGA-II-w/o-TFM
replaces task-feature matching with random historical-
task mapping, while LRC-DNSGA-II-w/o-LRCV retains
TFM but uses the standard crossover and mutation
operators of DNSGA-II. DNSGA-II is also included as
a reference without either mechanism. For each of the
30 paired runs, all variants use the same dynamic MEC
sequence, with the remaining settings unchanged.
Table 9 compares the final approximation quality.
Relative to w/o TFM, the full method improves HV by
only 0.06% and reduces IGD by 0.79%, and neither dif-
ference is significant after Holm correction. In contrast,
removing LRCV reduces HV by 4.25% and increases
IGD by 14.24%, with both differences statistically sig-
nificant. This shows that LRCV contributes most of the
improvement in final approximation quality, whereas
TFM has only a limited effect on the final solutions.
Table 10 further compares the search process. The
early metrics are averaged over generations 0-10, the
trajectory metrics use the normalized AUC over genera-
tions 0-30, and the final metrics are taken at generation
30. Each entry gives the numbers of +/ & /— outcomes
over the six decision slots, indicating significantly better,

Average delay threshold, T (s)
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4 6 8
Average delay threshold, 7 (s)

6 8 2

no significant difference, and significantly worse perfor-
mance of LRC-DNSGA-II relative to the corresponding
method, respectively. Compared with w/o TFM, signifi-
cant differences appear mainly in the early generations
and become less consistent over the full trajectory and
at the final generation. Removing LRCV, however, leads
to clear degradation from the early stage through the
end of the search. Thus, TFM mainly helps at the begin-
ning of a new slot, while the effect of LRCV persists
throughout the within-slot search.

6 Conclusion

This work investigated batch-wise task assignment and
resource allocation in dynamic MEC and formulated
the problem as a constrained dynamic bi-objective
optimization problem that jointly minimizes task com-
pletion delay and device energy consumption. To solve
the resulting time-varying mixed discrete—continuous
problem, we developed a Location-Resource Coupled
Dynamic NSGA-II (LRC-DNSGA-II), which integrates
task-feature-matched dynamic response with Location-
Resource Coupled Variation. Experimental results over
six temporally correlated decision slots demonstrated
that LRC-DNSGA-II significantly outperformed all four
comparison methods in both hypervolume (HV) and
inverted generational distance (IGD). Scalability exper-
iments further showed that its performance advantage
was maintained as the task scale increased. Ablation
studies confirmed that Location-Resource Coupled Vari-
ation was the primary contributor to the sustained
improvement in final approximation quality, whereas the



Table 6

Slot-Wise HV Across Task Scales

S4
S5

8.6111e—01 (4.32¢—02) " 8.0518¢—01 (4.50e—02) "
8.7434e—01 (4.09¢—02) " 8.4093e—01 (4.60e—02) ™

7.4721e—01 (6.12e—02) " 8.3095¢—01
7.7003¢—01 (6.49¢—02) " 8.5918¢—01

5.38e—02
4.88e—02

1.0090e+00 (3.69¢—02)
1.0360e+00 (3.74e—02)

Scale Slot DNSGA-II DMOEA /D-COPMEC DMOPSO TL-MOEA LRC-DNSGA-II
ST 9.9990e—01 (8.25e—02) " 9.7689e—01 (8.40e—02) T 7.4706e—01 (1.02e—01)T 9.9993e—01 (7.96e—02)T 1.0283e+-00 (8.39e—02)
S2 9.4381e—01 (8.07e—02)" 9.5324e—01 (7.11e—02)T 6.7737e—01 (9.38e—02)T 9.5840e—01 (7.45e—02)T 1.0348e+00 (7.51e—02)
Small S3 9.0033e—01 (8.24e—02)t 9.0484e—01 (6.89e—02) " 6.4232e—01 (8.40e—02)1 9.5735e—01 (8.36e—02) 1.0260e+00 (7.24e—02)
S4 8.9147e—01 (6.429—02)+ 8.9077e—01 (6.62e—02) 1 6.8573e—01 (8.19e—02) 1 9.9231e—01 (6.57e—02)1 1.0245¢+00 (6.10e—02)
S5 8.2600e—01 (7.40e—02)t 7.9934e—01 (7.39e—02)* 6.3672e—01 (9.75e— 02)+ 9.6697e—01 (7.33e—02)* 9.9330e—01 (6.68e—02)
S6  8.2399e—01 (6.51e—02)" 7.8989e—01 (6.39e—02) T 6.7224e—01 (8.04e—02)T 9.9769e—01 (7.63e—02) 1.0054e+00 (6.11e—02)
S1 9.1667e—01 (7.87e—02)" 8.3912e—01 (8.59e—02) " 6.9343e—01 (9.59e—02) T 9.1435e—01 (7.80e—02) T 9.6834e—01 (7.87e—02)
S2 9.3449e—01 (6.61e—02) T 9.0941e—01 (7.55e—02) T 7.0496e—01 (7.07e— 02)+ 9.6006e—01 (6.22e— 02)+ 1.0311e+00 (5.97e—02)
Medium S3 8.9280e—01 (5.98e—02) " 8.5957e—01 (6.21e—02) " 6.8168e—01 (6.49e—02) " 8.9326e—01 (5.67e—02) T 9.9365e—01 (6.32e—02)
S4  8.7653e—01 (6.51e—02) " 8.3691e—01 (7.49e—02) T 6.7349e—01 (7.28e— 02)+ 8.9620e—01 (5.47e— 02)+ 1.0084¢+00 (5.69¢—02)
S5 8.3142e—01 (4.88¢—02) " 8.0024e—01 (6.74e—02) " 6.3387e—01 (6.70e—02) 1 8.4177e—01 (4.51e—02) 9.7091e—01 (4.87e—02)
S6  8.4041e—01 (4.98e—02) " 8.0701e—01 (6.02e—02) T 6.5397e—01 (6.29¢—02) T 8.6362e—01 (4.59e— 02)+ 1.0092e+00 (4.74e—02)
S1 8.9417e—01 (6.21e—02)" 8.1286e—01 (7.32e—02)T 7.3377e—01 (6.61e—02)T 8.9382e—01 (6.69e—02)T 9.9624e—01 (5.75e—02)
S2 9.0549e—01 (5.00e—02)t 8.5256e—01 (6.47e—02)" 7.3445¢—01 (6.43e—02)T 9.2034e—01 (6.28¢—02)T 1.0343e+00 (5.11e—02)
Large S3 8.7888e—01 (4.17e—02) " 8.3560e—01 (4.60e—02)T 7.4595e—01 (5.64e—02)T 8.6841e—01 (4.69e—02)T 1.0335e+00 (4.21e—02)
( ( )"
( ( )t
)"

S6  8.5485e—01 (3.94e—02)" 8.4558e—01 (3.88¢—02)" 8.0029¢—01 (6.97e—02)" 8.4879e—01 (3.83e—02)" 1.0504e+00 (3.54e—02)

Scale slot +/ ~ /— 18/0/0 18/0/0 18/0/0 17/1/0 -

Table 7 Slot-Wise IGD Across Task Scales

Scale Slot DNSGA-IIT DMOEA/D-COPMEC DMOPSO TL-MOEA LRC-DNSGA-II
S1 1.1031e—01 (5.25e—02) " 1.3948e—01 (5.48¢—02) " 3.0366e—01 (8.02e—02)1 1.1324e—01 (5.31e—02)* 1.0102e—01 (5.12e—02)
S2 1.1623e—01 (4.79e—02)" 1.3500e— 01 (4.80e—02)" 3.4986e—01 (8.62e—02)" 1.1749e— 01 (4.50e—02)" 8.0283e—02 (4.07e—02)

Small S3 1.4095e—01 (5.35¢—02)" 1.5068¢—01 (4.65e—02)" 3.8437e—01 (7.52e—02)T 1.2556e—01 (4.79¢—02)" 7.8274e—02 (3.81e—02)
S4 1.6105e—01 (4.31e—02)" 1.6670e— 01 (4.31e—02)" 3.4914e—01 (6.78e—02)" 1.1220e— 01 (3.26e— 02)4r 8.6392e—02 (2.93e—02)
S5 1.7350e—01 (5.13¢—02)" 1.9980e—01 (5.02e— 02)+ 3.7104e—01 (8.18c—02)" 1.1719e—01 (3.17c— )+ 8.3198e—02 (3.02e—02)
S6  1.8324e—01 (4.66e—02)" 2.0776e— 01 (4.84e—02)" 3.3253e—01 (6.43e—02)" 9.1926e— 02 (3.05e—02)" 7.6611e—02 (2.80e—02)
S1 1.3699e—01 (5.77e—02)" 1.8723e—01 (6.36e—02) 3.0463e—01 (8.13¢—02)T 1.3763e—01 (6.08e—02) " 1.0864e—01 (5.46e—02)
S2  1.3065e—01 (4.49e—02)" 1.6423e—01 (4.95e— 02)+ 3.1447e—01 (5.75e—02) " 1.2516e— 01 (4.32e— 02)4r 8.5219e—02 (3.73e—02)

Medium S3  1.4273e—01 (4.21e—02)" 1.8071e—01 (4.24e—02)" 3.1572e—01 (5.85e—02)" 1.5067e—01 (4.16e—02)" 8.8035e—02 (3.82e—02)
S4  1.0872e—01 (3.50e—02)" 1.4892¢— 01 (4.28¢—02) 2.6011e—01 (5.23e—02)* 1.1170e— 01 (3.05¢—02)" 6.4972e—02 (2.57e—02)
S5 1.6241e—01 (3.2913—02)+ 1.8926e—01 (4.27e— ()2)+ 3.0182e—01 (4.766—02) 1.5529e—01 (2.92e— 02) 8.4380e—02 (2.64e—02)
S6  1.4320e—01 (3.10e—02)" 1.7040e—01 (3.72e—02)" 2.7753¢—01 (4.59e—02)" 1.3158e—01 (2.58¢— 02)4r 6.5003e—02 (2.32e—02)
S1  1.5488e—01 (3.69e— 02)Jr 2.0357e—01 (4.71e— 02)Jr 2.4977e—01 (4‘686—02) 1.5611e—01 (4.05e— 02) 8.7048¢—02 (2.77e—02)
S2 1.3356e—01 (2.89e—02)" 1.7073e—01 (4.06e—02)" 2.5097e—01 (4.28¢—02)" 1.3078e—01 (3.62e—02)" 7.6457e—02 (2.62e—02)

Large S3 1.1409e—01 (2.52e—02) " 1.4860e—01 (2.85¢—02)" 2.1056e—01 (3.61e—02)" 1.2258e—01 (2.61e— 02)+ 4.7299e—02 (1.87e—02)
S4  1.5052e—01 (2.56e—02)" 1.8148e—01 (3.05¢—02)" 2.0983¢—01 (4.19e—02)" 1.6516e—01 (3.57e—02)" 6.0056e—02 (1.76e—02)
S5 1.3500e—01 (2.43e—02)" 1.5633e—01 (2.82e—02)" 1.9657e—01 (4.04e—02)" 1.4322e—01 (2.87e—02)" 5.5501e—02 (1.91e—02)

)t )

S6

1.2741e—01 (2.40e—02) "

1.3530e—01 (2.13e— 02)" 1.6912e—01 (4.06e—02

1.3093¢—01 (2.23e—02) 4.2430e—02 (1.30e—02)

Scale-slot +/ =~ /—

18/0/0

18/0/0 18/0/0

18/0/0 -

Table 8 Average Optimization Runtime per Slot (s)

Table 10 Ablation

Results Across Search Stages

DNSGA- DMOEA /D- TL-  LRC- . DNSGA-II  w/o TFM  w/o LRCV

Indica

Scale i copmec PMOPSO yiopa DNSGA-TT ndicator +/~ /- +/ = /- +/ = /-

Small 6.27 5.00 295  6.92 7.04 Early HV 5/1/0 2/4/0 5/1/0

Medium  6.66 6.13 3.54 7.54 8.00 Early IGD 5/1/0 4/2/0 5/1/0

Large 7.04 6.78 3-89 790 8.34 Trajectory HV AUC 6/0/0 1/5/0 5/1/0
Trajectory IGD AUC 6/0/0 3/3/0 5/1/0
Final HV 6/0/0 0/5/1 6/0/0
Final IGD 6/0/0 1/5/0 6/0/0

Table 9 Aggregate Effects of the Ablated Mechanisms

Comparison HV gain IGD reduction
’ (%) (%)

Full vs. w/o TFM 40.06 +0.79

Full vs. w/o LRCV +4.25 +14.24

Future work will extend the current slot-to-slot
dynamic optimization framework toward longer-horizon

task-feature-matched dynamic response mainly acceler-
ated adaptation following transitions between successive
task batches.

MEC operation using real-world workload and net-
work traces, and will investigate more complex dynamic
conditions, including stronger inter-slot dependencies,
heterogeneous task arrivals, and larger-scale edge sys-
tems.
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