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Abstract—Edge intelligence, the fusion of edge computing and
artificial intelligence (AI), drives the advancement of intelligent
Internet of Things (IoT). Since AI applications are often data-
and computation-intensive, resource-scarce edge devices need to
migrate data to resource-rich edge servers through computation
offloading to meet requirements such as energy efficiency and low
latency. Existing studies often focus on CPU-based edge systems
and neglect the impacts of other components, such as memory,
on offloading. From a parallel processing perspective, this article
establishes a system model and a multi-objective optimization
model for edge intelligence systems with heterogeneous compo-
nents, including diverse processors, memory, network, and appli-
cations, to minimize system energy consumption, total execution
time, and the workload ratio of edge servers. A multi-objective
optimization algorithm integrating archive initialization, hybrid
perturbation, clustering, and modified simulated annealing is
proposed and validated through experiments using real-world
software and hardware. Results demonstrate that the proposed
algorithm significantly outperforms comparative algorithms in
terms of inverted generational distance, pure diversity, and run-
time while revealing the influence of application characteristics
on offloading performance.

Index Terms—edge intelligence, computation offloading, multi-
objective optimization.

I. INTRODUCTION

Edge computing is a special distributed computing
paradigm, in which computation and communication resources
from the cloud are pushed to the network edge to obtain faster
response for end users [1]. Recently, edge computing is emerg-
ing in AI-driven IoT scenarios, including driverless, intelligent
factories, and smart homes, which are called edge intelligence
(EI). EI improves processing efficiency and enhances data
privacy by combining AI and edge computing [2]. However,
resource-scarce edge devices (EDs) in EI often lack sufficient
resources for data-intensive or computation-intensive AI appli-
cations. To address this, computation offloading, transferring
partial or full data from EDs to edge servers (ESs), provides
an effective solution.

Due to the diversity of EDs and AI applications, EI sys-
tems are inherently heterogeneous [3]. Existing research on
computation offloading primarily focuses on system models
and offloading algorithms for homogeneous edge systems.

* Corresponding author.

For system modeling, studies [4]–[7] assume CPUs as sole
processors and calculate energy consumption and latency
based on required CPU cycles. However, EDs with GPU
or ARM-based processors are ubiquitous, which results in
the system models not aligning with real-world scenarios. In
addition, other heterogeneous components (e.g., memory) in
edge systems also contribute to energy and latency, yet their
impact is often neglected. Consequently, offloading algorithms
derived from these models tend to be inaccurate.

Offloading algorithms are categorized into single-objective
and multi-objective optimization. The former optimizes a
single objective(e.g., minimizing energy consumption), while
the latter seeks optimal trade-offs among conflicting objec-
tives. For instance, minimizing application latency, energy
consumption of ED (EED), and resource utilization of ES
(RES) simultaneously, computation offloading reduces EED
but raises RES, while additional transmission latency may
degrade application latency. To address this, some studies
convert multi-objective optimizations into single-objective op-
timizations (e.g., via weighting methods) to identify optimal
Pareto solutions. However, determining accurate weights for
conflicting objectives remains challenging [8]. In addition,
multi-objective algorithms effective in standard test cases may
underperform in specific scenarios.

This study aims to construct a practical system model
for the EI system and design a multi-objective optimiza-
tion algorithm for partial computation offloading. There are
some challenges involved. Heterogeneous components require
a unified mathematical model that accounts for component
interdependencies. For example, actual processor performance
is affected by memory bandwidth and application complexity.
Multi-objective offloading in edge systems is often a complex
combinatorial problem, and some classic algorithms often fail
in specific scenarios. Our main contributions are as follows.

• A system model for EI is proposed, characterizing het-
erogeneous EDs and applications. The model captures
the dependencies among processors, memory, applica-
tions, and network via parallel processing and Roofline
approach, profiles energy/latency at system and applica-
tion levels, and establishes a multi-objective optimization
model to minimize system energy consumption, total
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execution time, and the workload ratio of edge servers.
• A multi-objective improved simulated annealing

(MOISA) is designed for offloading. MOISA extends
simulated annealing from single-objective optimization
to multi-objective optimization by integrating an external
archive and an archive-based acceptance probability
function, accelerates convergence via greedy rule-based
archive initialization, balances global and local search
through hybrid perturbation, and enhances search space
via capacity-relaxed cluster based on elitism.

• Experiments with real-world deep learning models and
hardware demonstrate that MOISA outperforms compara-
tive algorithms in terms of inverted generational distance,
pure diversity, and runtime. Furthermore, application-
level energy consumption and latency analysis reveal the
impact of application characteristics on offloading.

The rest of the article is organized as follows. Section
II reviews related work. Section III describes the system
model and problem formulation. Section IV proposes MOISA.
Section V presents experimental results and analysis. Section
VI concludes the article.

II. RELATED WORK

A. Heterogenous edge systems in offloading

Literatures [4]–[7] focus on edge computing, where EDs
utilize CPUs as sole processors, and the energy and latency of
applications on the EDs are calculated based on CPU cycles.
Literatures [9], [10] use frames processed per unit time for
processor performance, which establishes a unified mathemat-
ical model for heterogeneous processors, but neglects the costs
of energy and latency in other components, such as memory.

Some studies focus on edge intelligence [6], [9]–[11].
Literature [6] employs multitask offloading to migrate deep
learning networks to the edge or cloud. The edge devices
are only equipped with Raspberry Pi. Literature [11] adopts
a snapshot-based approach to offload the app of deep neural
networks (DNNs) between the edge server and client. Several
Convolutional NNs (CNNs) and a client board are used in
experiments to validate the approach.

B. Multi-objective optimization for offloading

Some algorithms have been employed for offloading opti-
mization in edge computing. Genetic-inspired meta-heuristic
algorithm minimizes the cost of task offloading and re-
source allocation for workflows in edge computing [12]. Grey
wolf optimization optimizes energy and latency for compute-
intensive applications [13]. Whale optimization algorithm ad-
dresses latency, energy consumption, the degree of privacy
leakage, and their weighted sum [14]. The studies convert
multi-objective optimization into single-objective optimization
through the weighted sum method. However, weight selection
remains challenging, especially in complex scenarios.

To identify optimal offloading, fast and elitist nondominated
sorting genetic algorithm (NSGA-II) balances energy and
latency in Internet of Things [15], and a modified NSGA-
II optimizes latency, energy, and task completion quality

Fig. 1: System architecture of edge intelligence with hetero-
geneous components

in Internet of Vehicles [16]. A hybrid algorithm combining
multi-objective particle swarm optimization (MOPSO) and
NSGA-II minimizes latency, maximizes coverage, and reduces
OPEX in edge systems [17]. Yadav et al. formulate edge
computing offloading as a dual-objective optimization problem
to minimize time and energy, using multi-objective grey wolf
optimizer (MOGWO) for optimal decisions [18]. Jiang et al.
enhance MOGWO for dependent task offloading, surpassing
MOEA/D and MOPSO in convergence, diversity, and coverage
[19]. These algorithms are scenario-specific and validated in
homogeneous edge environments.

III. SYSTEM MODEL AND PROBLEM FORMULATION

This section models edge intelligence systems (EIS) and
formulates computation offloading as a multi-objective opti-
mization problem.

A. System architecture

In our work, EIS is composed of N EDs and H ESs
deployed at the edge. ESs process data offloaded from EDs
through an Access Point(AP). Data is transmitted between EDs
and ESs via wireless networks. Since ESs are often supplied
by the same vendor and exhibit homogeneity similar to cloud
servers [20], they are assumed as homogeneous. Figure 1
shows the system architecture.

Among EDs, there are not only differences in the peak
performance of processors and memory but also variations
in the energy consumption of a single operation on proces-
sors and memory. Therefore, the i th ED is represented as
EDi = {cpeaki , bpeaki , efi , e

m
i , P static

i }, i ∈ {1..N}, where
cpeaki and bpeaki denote the peak floating-point performance
(flops/second) and peak memory bandwidth (bytes/second),
respectively. efi and emi represent the energy consumption
per floating-point operation (flop) and per memory operation
(mop), respectively. P static

i is a fixed power regardless of
whether an operation is performed or not. Let cpeakes and bpeakes
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denote the peak flop and peak memory bandwidth of ES,
respectively.

B. Application model

Applications in EIS are also different. The application run-
ning on the i th ED is defined as appi = {fi,mi}, i ∈ {1..N},
where fi and mi denote the number of flops and mops
while executing a unit data of application i, such as a frame,
respectively. mi is equal to the number of words transmitted.
All applications are data-partitioned and submitted in EDs to
leverage the parallelism of EDs and ESs.

C. Latency model

The edge system adopts a wireless network which is the
frequency-division duplex model. The transmission rate of ED
i is defined as ri. According to [7], it is given by Equation 1.

ri = µiNcWc log2 (1 + P t
i d

−v
i | γc |2 /N0) (1)

Where Nc denotes the total number of network channels,
Wc denotes the bandwidth of the channel. di and v represent
the length and the loss exponent of the path between ED i
and its serving AP, respectively. d−v

i denotes the path loss.
γc denotes the channel fading coefficients. N0 denotes white
Gaussian noise power. P t

i is the transmit power of ED i. µi

denotes the proportion of bandwidth in channels for ED i.
For ED i, the amount of downlink data is often ignored since

it is much less than the amount of uplink data [21]. The amount
of data uploaded is tβuλisiresi, where βu is the overhead of
data transmission in an uplink channel and resi is the size of
unit data. si is the number of unit data captured per second
by ED i. λi denotes the ratio of the amount offloaded to its
total amount, called offloaded ratio. Therefore, transmission
latency is defined as T tran

i , as follows.

T tran
i = tβuλisiresi/ri (2)

Let cai denote the attainable performance of application
i executed on ED i. According to Roofline model [22], cai
depends on cpeaki and bpeaki , while being constrained by the
characteristics of the application, including fi and mi. cai is
given by Equation 3.

cai = min{cpeaki , bpeaki × (fi/mi)} (3)

From the parallel perspective, flops, mops, and network
transmission overlap maximally in the best case while appli-
cations are executing. The local latency of application i is
defined as T local

i and is caculated by Equation 4.

T local
i = max{(1− λi)sitfi/c

a
i , (1− λi)sitmi/b

peak
i , T tran

i }
(4)

Where (1− λi)sitfi/c
a
i and (1− λi)sitmi/b

peak
i are times

to execute the flops and mops of application i on ED, respec-
tively. Combing Equation 2, T local

i is obtained.
For ES, let cai,es denotes the attainable performance of the

application i in the edge server. According to the Roofline
model, cai,es is given by Equation 5.

cai,es = min{cpeakes , bpeakes × (fi/mi)} (5)

Let T es
i denotes the latency of application i in the best case

when application i is executed in ES. T es
i is calculated by

Equation 6.

T es
i = max{λisitfi/c

a
i,es, λisitmi/b

peak
es } (6)

Where λisitfi/c
a
i,es and λisitmi/b

peak
es denote times to

execute flops and mops of application i on ES, respectively.
Considering the latency of tranfering data from ED to ES

and the parallel execution of the ED and ES, the latency of
application i in edge system is defined as Ti, as follows.

Ti = max{T local
i , T es

i + T tran
i } (7)

The total latency of all applications is defined as T , referred
to as total execution time, which is obtained via Equation 8.

T =

N∑
i=1

Ti (8)

D. Energy model
Due to limited ED battery life, we focus on energy con-

sumed in ED, which mainly consists of data transmission, data
processing (mainly from flops and mops), and static energy.

Let eprocessi denotes the energy costed by data processing
in ED i. For all EDs, the total energy of data processing in
slot t is defined as Eprocess. They are calculated as follows.

Eprocess =

N∑
i=1

eprocessi =

N∑
i=1

tsi(1−λi)(e
f
i fi+emi mi) (9)

Where tsi(1−λi) denotes the number of unit data processed
locally within time slot t. (efi fi + emi mi) denotes the energy
consumed by flops and mops per unit data on ED i.

Transmission energy for all EDs is shown as follows.

Etran =

N∑
i=1

(P 0
i + ktiNcµiP

t
i )T

tran
i (10)

Where P 0
i and kti denote idle power and amplifier co-

efficient for the network module, respectively. Combining
Equation 2, the total energy of transmission can be obtained.

Suppose static energy is linear in Ti. TiP
static
i denotes the

static energy of ED i. Total energy consumed in all EDs is
called system energy consumption (E) that is calculated by
Equation 11.

E = Eprocess + Etran +

N∑
i=1

TiP
static
i (11)

E. The workload ratio of edge servers (WRE)
WRE is an indicator of ESs’ current processing capacity.

A lower WRE indicates that ESs can handle more workloads.
WRE is calculated via Equation 12.

WRE = cw/Cmax =

N∑
i=1

fi min(λisi, ri/resi)/Cmax (12)

cw and Cmax respectively denote the number of flops
required to process the all data offloaded to ESs within one
second and the maximum number of flops that are processed
by ESs within one second.
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F. Multi-objective optimization problem formulation
In EI, offloading data from EDs to ESs reduces T and

E but increases WRE. Thus, minimizing T , E, and WRE
is conflicting. We formulate the multi-objective optimization
problem in EI as MEI that is defined as follows.

MEI : min
λ,µ

(T,E,WRE)T

λ = {λ1, ..., λi, ..., λN}
µ = {µ1, ..., µi, ..., µN}

(13)

subject to

C1 : 0 ≤ λi ≤ 1, i = 1, 2, ..., N (14)
C2 : 0 ≤ µi ≤ 1, i = 1, 2, ..., N (15)

C3 :

N∑
i=1

µi ≤ 1 (16)

C4 :

N∑
i=1

fi min(λisi, ri/resi ) ≤ Cmax (17)

In MEI , constraints C1 and C2 bound offloaded ratio and
the proportion of bandwidth for each ED to [0, 1]. Constraint
C3 ensures that the total ratio of bandwidth across all EDs
does not exceed 1, to prevent surpassing the total network
bandwidth. Constraint C4 guarantees that the total flops re-
quired by offloaded data do not exceed Cmax.

According to Equations 7, 9, 10, and 11, E is nonlinear
with respect to λ and µ, and often discontinuous, especially
at the boundary of the domain. Therefore, minimizing E is
a nonlinear programming (NLP) problem that is NP-hard in
nature [23], [24]. Furthermore, T and WRE are correlated
with E, and minimizing them simultaneously along with E
leads to conflicts. Consequently, MEI is more complex than
minimizing E alone. To address this, the next section proposes
a multi-objective optimization algorithm based on an improved
simulated annealing (SA) to achieve computation offloading.

IV. OPTIMAL SOLUTION

A. Constraint elimination
A penalty function method [25] is first employed to elimi-

nate the constraints in MEI . The penalty G(x) for constraint
violations is:

G(x) =

Con ̸=∑
i=1

[max{0,−gi(x)}]γ1 +

Con=∑
j=1

| hj(x) |γ2 (18)

Where solution x comprises decision variables µ and λ.
gi(x) and hj(x) represent inequality and equality constraints,
with γ1, γ2 ∈ {1, 2}. Con̸= and Con= denote the number of
inequality and equality constraints. T , E, and WRE are trans-
formed to unconstrained objectives T ce, Ece, and WREce by
Equation 19.

(T ce, Ece,WREce)T = (T,E,WRE)T + φG(x) (19)

where φ is a large penalty parameter. This yields the
unconstrained problem:

MEI − CE : min
λ,µ

(T ce, Ece,WREce)T (20)

Algorithm 1 MOISA

Input:
EDi, appi, si, i ∈ [1, N ]; maxNum;
Ts : starting temperature; Tf : final temperature;
maxIter : the number of iterations per temperature;
sf : switching factor; cr : cooling rate

Output:
archive

1: Initialize archive using AIBG
2: temp← Ts

3: while temp ≥ Tf do
4: for iter = 1 to maxIter do
5: if iter/maxIter ≤ sf then
6: obtain xnew with SBX
7: else
8: obtain xnew with DE
9: end if

10: A← solutions in archive dominated by xnew

11: B ← solutions in archive dominate xnew

12: aprob is obtained by (21)
13: if x1 dominates xnew then
14: if rand(0, 1) < aprob then
15: put xnew in archive
16: if archive.size ≥ maxNum then
17: CBE
18: end if
19: end if
20: else
21: if A.size > B.size then
22: put xnew in archive
23: if archive.size ≥ maxNum then
24: CBE
25: end if
26: else
27: if rand(0, 1) < aprob then
28: put xnew in archive
29: if archive.size ≥ maxNum then
30: CBE
31: end if
32: end if
33: end if
34: end if
35: end for
36: temp← cr × temp
37: end while
38: return archive

B. Multi-objective improved simulated annealing (MOISA)

SA is a heuristic algorithm inspired by physical annealing
processes, using the Metropolis criterion to probabilistically
escape local optima and converge to global optima [26].

SA is inherently a single-objective algorithm and can be
extended to multi-objective optimization by incorporating an
external archive that stores non-dominated solutions [27].
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Meanwhile, unlike the acceptance probability function based
on the difference of single-objective values [26], an archive-
based acceptance probability function (aprob) [28] for a new
solution (xnew) is introduced as follows.

aprob = exp((A.size−B.size)/(archive.size× temp))
(21)

Where archive.size refers to the number of solutions in
the archive, temp represents the current temperature, A is
the set of archive solutions dominated by xnew, and B is the
set of archive solutions dominating xnew. aprob reflects the
dominance relationships between xnew and other solutions in
the archive.

Algorithm 1 presents Multi-Objective Improved Simulated
Annealing (MOISA) based on the archive and aprob. In the
algorithm, line 1 initializes the archive. Lines 2-4 determine
the number of iterations. In each iteration, lines 5–9 generate
xnew from a current solution (x1) selected from the archive
via hybrid perturbation. Lines 13–19 describe operations
when xnew is dominated by x1, while lines 21–33 define
operations when xnew dominates x1. If xnew is dominated
or A.size ≤ B.size, its acceptance is determined by the
Metropolis criterion incorporating aprob. Upon accepting a
new solution, lines 16-18, 23-25, and 29-31 constrain the
archive capacity while enhancing diversity through a modified
cluster. The implementation details of archive initialization,
hybrid perturbation, and cluster are subsequently introduced.

1) Archive initiation based on a greedy rule (AIBG): To
accelerate convergence, AIBG generates feasible initial solu-
tions for the archive. For each solution, to satisfy constraints
C2 and C3, AIBG first assigns N random values between 0
and 1 to the proportion of bandwidth of EDs (µ) and ensures
that the sum of the values does not exceed 1. Since offloading
transfers data to ESs to reduce energy and latency consumed
by EDs, larger random values are assigned to EDs with greater
consumption, which increases their opportunities to offload
more data and consequently reduce their energy consumption
and latency. To enhance diversity, only a subset of the initial
archive undergoes the initialization mentioned above. The
remainder is generated randomly under the constraints in
MEI .

2) Solution generation by hybrid perturbation (SHP):
Our work employs Simulated Binary Crossover (SBX) and
Differential Evolution (DE) perturbations for generating new
solutions. In SBX, two solutions are randomly selected from
the archive, denoted as x1 and x2, where x1 is the current
solution. xnew is obtained through Equation 22.

xnew = 0.5× [(1 + β)× x1 + (1− β)× x2] (22)

Where β is dynamically obtained from [29].
In DE, three solutions x1, x2, and x3 are randomly selected

from the archive, where x1 serves as the current solution. xnew

is generated by Equation 23.

xnew = x1 + F × (x2 − x3) (23)

Here, F represents the scaling factor. Subsequently, random
gene position k in xnew is replaced with the corresponding
value from x1 to preserve partial genetic information, which
is called the crossover operation and is shown in Figure 2.

A switching factor (sf ) coordinates SBX and DE. Large-
magnitude perturbation (SBX) is applied in early iterations to
enhance diversity, while small-magnitude perturbation (DE) is
utilized in later iterations to facilitate convergence.

Fig. 2: Crossover operation in DE.

3) Capacity-relaxed cluster based on elitism (CBE): Dur-
ing iterations, solutions in the archive tend to increase. Most
algorithms maintain the archive capacity at the initial ca-
pacity (AIC) during optimal solution clustering. Based on
the Metropolis criterion, however, the archive capacity should
be relaxed to retain more suboptimal solutions to expand
the search space and enhance solution diversity. Our work
sets a threshold maxNum (exceeding AIC) and employs
the elitism strategy from NSGA-II [27] for archive cluster-
ing and updating. When exceeding maxNum, the archive
is updated by retaining all non-dominated solutions (F). If
|F| < maxNum, it is supplemented by subsequent Pareto
fronts; otherwise, keeping the top maxNum solutions from
F , sorted by crowding distance. Crowding distance sums each
solution’s elementary distances across objectives [27].

V. EVALUATION

A. The setting of system, application, and algorithm

TABLE I: Parameters of EDs and ES. Processor peak (P. pk.)
and memory bandwidth (M. bw.) is vendor’s claimed peak.

EDs/ES P. pk. M. bw. ef em P static

(Gflop/s) (GB/s) (pJ/flop) (pJ/mop) (w)
Arndale (A15) 27.2 12.8 107 386 5.5

Arndale (T-604) 72 12.8 84.2 518 1.28
NUC (I3) 57.6 25.6 14.7 418 16.5

TX2 (A57) 96 59.7 36.6 612.3 1.9
NVIDIA (GF100) 1580 192 - - -

TABLE II: Flops and mops of DL models

Models Input Flops Mops
dimension (Mflops) (Mbytes)

AlexNet 224× 224 1005.89 181.18
SqueezeNet 224× 224 818.92 23.44
MobileNet 224× 224 567.73 31.43

MobileNet v2 224× 224 300.77 38.72
MobileNet v3 Large 224× 224 220.30 33.70
MobileNet v3 Small 224× 224 59.24 12.58

VGG16 224× 224 15466.21 569.92
VGG19 224× 224 19628.01 595.05

GoogLeNet 224× 224 1581.66 40.52
Inception v2 224× 224 1719.33 51.22
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In experiments, EDs comprise devices from Arndale, NUC,
and NVIDIA TX2, which utilize ARM Cortex-A15 (A15),
Mali T-604 (T-604), Intel Core i3-3217U (I3), and ARM
Cortex-A57 (A57), respectively. ES utilizes NVIDIA GF100.
TX2 parameters are measured experimentally; others are ob-
tained from [30]. Table I lists them.

Deep learning (DL), a powerful subset of machine learning
algorithms, has become a key technology advancing artificial
intelligence through automated feature extraction and hierar-
chical data representation. Therefore, DL models are adopted
in experiments. Table II lists flops and mops for ten DL models
[31] processing a frame with 224×224 resolution. According
to [7], network parameters are as follows: Wc = 10MHz,
Nc = 15, γc = 0.98, N0 = 1.6 × 10−11, v = 4, βu = 1,
P t
i = 0.1W , P 0

i = 0.4W , kti = 18. Time slot=1s. In
MOISA, sf = 0.7, F = 0.4, Ts = 100 ◦C, Tf = 0.1 ◦C,
maxIter = 10, and maxNum = 2AIC. Experiments are
conducted on ThinkBook K3 equipped with an Intel I7 CPU
(2.8GHz) and 16GB RAM.

TABLE III: Metrics for five algorithms as N increases.

N Methods IGD HV PD Time(s)

10

MOISA 0.0295 7.521 0.5566 24.457
NSGA-II 0.7695 2.8613 0.0002 29.717
MOPSO 0.0599 10.7602 0.3952 51.756
NSRS 0.1792 3.074 0.3288 25.952

MOGWO 0.6366 0.181 0.0029 25.599

20

MOISA 0.0807 19.3069 0.319 35.382
NSGA-II 0.4249 38.4443 0.0015 64.647
MOPSO 0.1129 14.2276 0.2197 116.496
NSRS 0.1236 7.852 0.1467 57.811

MOGWO 0.2338 30.0188 0.0773 57.31

30

MOISA 0.1814 36.6966 0.2496 37.861
NSGA-II 0.5236 32.0126 0.0023 76.759
MOPSO 0.2341 9.9557 0.1555 145.25
NSRS 0.2241 6.7051 0.1511 72.258

MOGWO 0.5458 0.9815 0.0124 78.057

40

MOISA 0.1601 25.1591 0.2837 48.488
NSGA-II 0.5797 30.2472 0.0018 124.985
MOPSO 0.3242 15.4261 0.109 231.102
NSRS 0.3775 3.9982 0.0652 114.403

MOGWO 0.573 0.6698 0.0085 118.801

50

MOISA 0.119 21.7372 0.3266 46.883
NSGA-II 0.5421 23.6697 0.0032 132.499
MOPSO 0.2695 10.0454 0.1375 273.095
NSRS 0.315 4.1428 0.0859 136.295

MOGWO 0.4767 3.4276 0.0434 133.875

60

MOISA 0.3123 24.4448 0.1058 53.474
NSGA-II 0.5602 5.6843 0.0029 151.648
MOPSO 0.3231 11.3816 0.0859 322.746
NSRS 0.3358 4.5664 0.0845 156.586

MOGWO 0.5819 0.2347 0.003 160.303

70

MOISA 0.1595 30.9386 0.2242 56.288
NSGA-II 0.5229 30.554 0.0078 169.868
MOPSO 0.3197 12.6445 0.089 349.355
NSRS 0.3364 2.2859 0.0613 183.628

MOGWO 0.4886 3.185 0.0403 172.912

B. Comparative algorithms and metrics

Comparative algorithms include NSGA-II [27], MOPSO
[19], and MOGWO [18], and NSRS modified modified Ran-
dom Search [32] with nondominated sorting and external
archive. The archive capacity is 40. The number of iterations

TABLE IV: Metrics for five algorithms as NetDis increases.

NetDis(m) Methods IGD HV PD Time(s)

40

MOISA 0.1749 35.1116 0.2212 37.077
NSGA-II 0.5525 35.7768 0.0023 95.351
MOPSO 0.2619 13.7175 0.1497 195.270
NSRS 0.2825 4.5596 0.1088 90.755

MOGWO 0.5612 0.0274 0.0003 100.350

60

MOISA 0.182 28.3184 0.2408 40.245
NSGA-II 0.576 38.3111 0.0011 98.293
MOPSO 0.2021 13.7945 0.2408 202.970
NSRS 0.304 4.0993 0.0924 95.921

MOGWO 0.5012 4.1228 0.0379 102.331

80

MOISA 0.1383 18.9768 0.3195 40.416
NSGA-II 0.5815 28.8778 0.0066 93.524
MOPSO 0.2888 8.6876 0.146 188.646
NSRS 0.298 3.9681 0.1036 86.757

MOGWO 0.4806 4.955 0.0064 99.473

100

MOISA 0.1601 25.1591 0.2837 48.488
NSGA-II 0.5797 30.2472 0.0018 124.985
MOPSO 0.3242 15.4261 0.109 231.102
NSRS 0.3775 3.9982 0.0652 114.403

MOGWO 0.573 0.6698 0.0085 118.801

120

MOISA 0.1021 32.3557 0.2922 50.482
NSGA-II 0.53 18.0073 0.0023 118.309
MOPSO 0.1433 8.0088 0.2468 223.442
NSRS 0.2858 4.0151 0.0957 113.615

MOGWO 0.4039 4.9664 0.0083 110.574

140

MOISA 0.1757 36.4243 0.2932 43.657
NSGA-II 0.5757 12.461 0.0006 103.890
MOPSO 0.2746 8.9457 0.1743 200.855
NSRS 0.3438 5.2842 0.0944 92.746

MOGWO 0.3831 0.5558 0.0114 109.636

160

MOISA 0.1195 31.5951 0.2616 42.429
NSGA-II 0.5215 19.7291 0.0244 104.185
MOPSO 0.2395 9.5659 0.1564 201.005
NSRS 0.2762 1.9582 0.0856 96.277

MOGWO 0.4581 2.9851 0.0378 111.038

is 500. All algorithms employ the same initialization, and then
MOISA employs AIBG.

Evaluation Metrics include: Inverted Generational Distance
(IGD) measures the average Euclidean distance from each
point in the true Pareto front (PF) to the nearest solution in the
algorithm-generated PF (APF) [8]. Lower IGD indicates better
convergence/distribution. Hypervolume (HV) quantifies the
volume of the objective space dominated by APF. Higher HV
suggests better convergence and diversity. Pure Diversity (PD)
evaluates diversity based on objective value differences, where
higher PD indicates reduced clustering [33]. Time records
algorithm runtime. Due to significant magnitude differences
among the three optimization objectives, normalization is
required before calculating IGD, HV, and PD.

C. Performance comparison for algorithms

Table III presents the metrics as the number of EDs (N)
increases from 10 to 70, with frames per second (FPS) fixed
at 30 and network distance (NetDis) between EDs and wireless
AP at 100 meters. The table shows that MOISA achieves the
minimum IGD, maximum PD, and shortest Time. For HV,
MOISA outperforms other algorithms when N is 30, 60, and
70, but exhibits slightly inferior performance in other cases.

Table IV presents the variations in the metrics for the five
algorithms as NetDis increases from 40 to 160 meters, with
N fixed at 40 and FPS at 30. Consistent with the results in
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Fig. 3: Three-dimensional plots of the Pareto fronts for five algorithms with poor HV in MOISA.

Table III, MOISA demonstrates superior performance in IGD,
PD, and Time compared to other algorithms. For HV, MOISA
exhibits better performance at longer network distances.

The HV metric exhibits inconsistent performance, neces-
sitating further investigation. Figure 3 shows partial three-
dimensional plots of the Pareto fronts for five algorithms
with poor HV in MOISA, as specified in Tables III and IV.
The plots reveal that the PF points obtained by NSGA-II
are clustered in a localized region, which demonstrates poor
distribution. In addition, the PF points obtained by MOGWO
are few and relatively clustered, which leads to inferior IGD
and PD. Most of the PF points obtained by NSRS deviate from
the minimum value of the objective, resulting in poor IGD.
MOPSO can obtain PF points that are close to the minimum
value of the objective. However, due to fewer points and
uneven distribution in the objective space, its performance is
inferior to that of MOISA. These figures show the advantages
of MOISA in convergence, diversity, and distribution.

D. Application-level evaluations and analysis

The method proposed in this paper captures not only the
energy consumption and latency of systems (e.g., E and T ) but
also those of applications, which facilitates the comprehensive
understanding of application characteristics influencing energy
consumption and latency.

Figure 4 illustrates the application energy consumption
(AE) at the point with minimum E on the PF of MOISA
when N is 10. ”No-off”, ”Off”, and ”ROD” represent the
energy consumption/latency without computation offloading,
with computation offloading, and their reduction ratio, respec-
tively. The figure reveals that for high-resource models (e.g.,
VGG16 and VGG19), characterized by more flops and mops,
offloading reduces application energy consumption by over
90%. In contrast, for low-resource models (e.g., MobileNet
series), characterized by fewer flops and mops, offloading
has negligible effects. Notably, the application energy of
MobileNet v3 Small model remains constant post-offloading.
This phenomenon occurs because offloading data from high-
resource models with higher energy consumption can more
effectively reduce the energy consumption of EDs. Figure
5 reveals that changes in application latency follow similar
patterns to those of AE.
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Fig. 4: Application energy consumption at the point with
minimum E on the MOISA’s Pareto front.
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Fig. 5: Application latency at the point with minimum T on
the MOISA’s Pareto front.

VI. CONCLUSION

For edge intelligence, this article constructs a system model
that analyzes the impact of heterogeneous components on
computation offloading, presents a multi-objective optimiza-
tion model minimizing system energy consumption, total exe-
cution time, and WRE, and proposes MOISA to achieve partial
computation offloading. MOISA accelerates convergence by
AIBG, balances global and local search capabilities with SHP,
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and enhances solution diversity through capacity-relaxed CBE.
The metrics of IGD, PD, and Time, along with 3D Pareto
front plots, demonstrate that MOISA significantly outperforms
the comparative algorithms, including NSGA-II, MOPSO, and
MOGWO, in terms of convergence, diversity, distribution, and
runtime. Analysis of application-level energy consumption and
latency reveals that resource-intensive DL models benefit most
from offloading. Future work will explore edge caching to
address network bottlenecks.
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