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Abstract—The Internet of Everything (IoE) enables
ubiquitous connectivity among heterogeneous devices but
poses significant challenges for task offloading and resource
allocation due to high dynamics and strict resource
constraints. To address these complexities, optimization
plays a pivotal role in efficiently orchestrating these
resources. This survey comprehensively reviews
optimization methodologies for IoE task offloading.
Methodologically, this study relies on a comprehensive
literature synthesis to distill evolutionary algorithmic trends
and evaluate their applicability to specific IoE scenario
constraints. The review is structured around six major
paradigms: classic, Lyapunov-based, heuristic, game-
theoretic, Al-native, and hybrid optimization. For each,
representative techniques, assumptions, and performance
characteristics are summarized. Comparative analysis
highlights the evolution from model-based formulations
toward intelligent, adaptive, and collaborative frameworks.
Key challenges are identified, including scalability
bottlenecks, learning instability in non-stationary
environments, and complex multi-objective trade-offs.
Finally, emerging research directions are outlined. This
work bridges theoretical foundations with intelligent
methodologies, offering a unified perspective for advancing
cognitive and sustainable IoE ecosystems.

Keywords—adaptive scheduling, decision making, internet
of everything, resource allocation, scheduling optimization,
task offloading

I. INTRODUCTION

With rapid advances in Internet of Things (IoT)
technology, the Internet has evolved from merely
connecting devices to enabling comprehensive
interconnections among people, objects, data, and
processes, a trend known as the Internet of Everything
(IoE) [1, 2]. IoE encompasses a vast array of smart
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terminals and diverse application scenarios, including
sensor networks, smart homes, autonomous driving
systems, and the industrial Internet [3, 4]. The explosive
growth of devices and data poses core challenges for [oE
system design, requiring efficient data processing and
transmission while ensuring real-time performance,
reliability, and security [5, 6]. In particular, with the
coordinated development of edge and cloud computing,
IoE systems are increasingly evolving toward distributed
intelligence.

In such IoE scenarios, large volumes of data and
computational tasks flow among end devices, edge nodes,
and cloud servers, making task offloading a key approach
for performance optimization [2, 7]. Task offloading
alleviates the computational burden on resource-
constrained end devices by migrating computation-
intensive or latency-sensitive tasks to edge servers or the
cloud, thereby improving overall system responsiveness
and energy efficiency. In recent years, task offloading
techniques have evolved from initial static-rule-based
strategies to dynamic decision-making methods that
consider task characteristics, network conditions, and
resource constraints [6—9]. In IoE environments, task
offloading must not only optimize the performance of
individual devices but also achieve efficient coordination
across massive heterogeneous devices and multi-layer
computing platforms, which introduces significant
complexity and research challenges [5, 10, 11] .

However, the performance of task offloading heavily
depends on the effectiveness of scheduling and resource
allocation strategies [12]. In IoE systems, computing
resources, storage, and network bandwidth are all limited,
making optimized scheduling across multiple devices,
nodes, and tasks crucial for improving offloading
efficiency. Scheduling and resource allocation
optimization must consider task execution order and
priority while also accounting for network latency,
energy consumption, and system load [8, 13]. In recent
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years, numerous task offloading optimization methods for
IoE have emerged, including joint scheduling strategies
based on heuristic algorithms, convex optimization,
reinforcement learning, and deep learning, providing
effective  means to enhance overall system
performance [14—16].

Despite numerous research efforts, existing task
offloading optimization methods still face several
challenges. First, the dynamic and heterogeneous nature
of IoE environments makes traditional static optimization
models inadequate for adapting to real-time changes in
network and computing conditions [17, 18]. Second,
scheduling across large-scale devices and tasks is
typically Nondeterministic Polynomial-time hard (NP-
hard), and current approximation algorithms involve
trade-offs between computational complexity and
optimization effectiveness [19, 20]. Finally, in practical
applications, task offloading must also consider security,
privacy protection, and energy constraints, further
increasing the complexity of designing optimization
strategies. Therefore, achieving efficient, scalable, and
secure task offloading and resource management while
ensuring performance improvement remains a core
challenge in IoE research.

There have been numerous survey papers on task
offloading and resource optimization [1, 2, 7, 12, 14].
However, existing studies still exhibit significant
limitations. Most surveys focus on a single network
environment (such as 6G networks) or a single computing
paradigm (such as mobile edge offloading), lacking a
comprehensive analysis of task offloading issues in the
IoE with its multi-layered and heterogeneous network
environments. In addition, discussions on heterogeneous
devices, dynamic network variations, and multi-task
cooperative scheduling remain limited, making it difficult
to comprehensively capture the real-world requirements
of complex task offloading in IoE scenarios. Therefore, it
is necessary to conduct a comprehensive survey that
covers diverse network environments, computing
paradigms, and optimization methods, in order to
comprehensively review existing research achievements,
identify research gaps, and provide insights for the design
and optimization of future IoE task offloading.
Specifically, the main contributions of this study are
summarized as follows:

e This paper comprehensively reviews studies from
2020 onward on task offloading and resource
allocation optimization in IoE and discusses the
strengths and limitations of different implementation
approaches.

Highlights the challenge of jointly optimizing
scheduling and resource allocation in task offloading.
Compares and clarifies the suitability of different
optimization schemes across diverse application
scenarios.

The open issues are discussed and highlighted.
Potential research opportunities and future research
directions are also identified.

To enhance the readability and clarity of this paper,
Table I provides the abbreviations employed in the text
together with their full expressions.

TABLE I. LIST OF ABBREVIATIONS USED IN THIS PAPER

Abbreviations Full description
A3C Asynchronous Advantage Actor-Critic
AADMM Adaptive Alternating Direction Method of Multipliers
AFS Artificial Fish Swarm
AO Alternating Optimization
BCD Block Coordinate Descent
CHROA Chaotic Horse Ride Optimization Algorithm
D2D Device-to-Device
DDPG Deep Deterministic Policy Gradient
DON Deep Q-Learning Network
DRL Deep Reinforcement Learning
EDF Earliest Deadline First
Energy Harvesting Edge Computing with Softmax
EHEC_SD3 Deep Double Deterministic
ESS Evolutionarily Stable Strategy
F-DRL Federated Reinforcement Deep Learning
GAT Graph Attention networks
GNN Graph Neural Networks
GWO Gray Wolf Optimization
HJB Hamilton—Jacobi—Bellman
IoE Internet of Everything
IoT Internet of Things
LEO Low Earth Orbit
LRU Least Recently Used
MADDPG Multi-Agent Deep Deterministic Policy Gradient
MA-DRL Multi-Agent Deep Reinforcement Learning
MBS Multidimensional Bisection Searching
MEC Mobile Edge Computing
ML Machine Learning
MLR Multivariate Linear Regression
MR Max Rate
NP-hard Nondeterministic Polynomial-time hard
NSGA Non-dominated Sorting Genetic Algorithm
PB Priority Base
PF Proportional Fair
QoS Quality of Service
RR Round Robin
SA Simulated Annealing
SAGIN Space—Air-Ground Integrated Networks
SC Strongest Channel
SOM Self-Organizing Maps
SVM Support Vector Machines
UAV Unmanned Aerial Vehicle
UE User equipment
WEC Wireless Edge Computing
WE-CSA Wolf Fish Collaborative Search Algorithm
WPMEC Wireless Powered Multi-access Edge Computing
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The rest of this paper is organized as follows:
Section II reviews the related work. Section III
introduces the foundations of task offloading and
resource allocation in IoE. Section IV discusses the
optimization paradigms and taxonomy. Section V
provides the analysis and discussion. Finally, Section VI
concludes the paper.

II. RELATED WORKS

The Internet of Everything (IoE) and computation
offloading have experienced rapid advancements in
recent years. This section provides an overview of
representative studies and survey papers that have
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contributed to shaping the current landscape of this
research area.

Jamil et al. [21] reviewed task offloading optimization
schemes in 6G network environments, particularly
discussing the delay—energy—carbon tri-objective Pareto
frontier under security constraints, and proposed a four-
layer protection architecture integrating 6G, security, and
edge computing concepts. An AI-RAN online defense
framework was also presented. However, the survey
focused solely on the 6G network environment.

Kong et al. [2] investigated IoE technologies enabled
by edge computing and proposed a unified definition for
edge-based IoE. The work further deconstructed and
comparatively analyzed service placement versus task
offloading, also addressing service placement and
migration optimization techniques. Nevertheless, it was
limited to edge computing scenarios.

Jamil et al. [7] conducted a systematic, comprehensive,
and detailed comparative study by discussing various
scheduling algorithms, key optimization metrics, and
evaluation tools in fog computing and IoE environments.
Similarly, Nagabushnam et al. [14] reviewed IoE
optimization methods focused on task scheduling and
energy consumption, rigorously evaluating each
algorithm in terms of objectives, strategies, and energy
management capabilities, emphasizing energy
consumption, computation latency, task completion time,
and quality of service. However, both studies were
restricted to fog computing scenarios.

Souza et al. [12] applied a rapid review method to
analyze the collaboration among four popular computing
architectures in the IoE paradigm, namely edge
computing, cloud computing, block-chain/network
services, and fog computing. This work comparatively
analyzed the functionalities and limitations of the four
computing architectures, highlighting the importance of
edge and cloud computing for enhancing coordination,
efficiency, and network optimization. Nonetheless, it
lacked an analysis and comparison of task scheduling and
resource allocation optimization methods.

Mika and Juha [22] surveyed loE-related technologies
in the context of smart cities, covering multiple
computing paradigms including cloud, edge, and fog.
However, it did not specifically focus on task offloading.

Based on the preceding discussion, two major
shortcomings in the existing research have been
identified, as summarized in Table II. The first is that
previous surveys have primarily concentrated on specific
network communication environments. Furthermore,
although extensive research has been conducted on task
offloading and resource allocation optimization under the
paradigms of edge, fog, and cloud computing, a unified
and comprehensive survey covering diverse computing
paradigms is still missing.

These observations motivated this work to provide a
comprehensive survey on task offloading and resource
allocation optimization in IoE, aiming to bridge the
identified research gaps. The primary added value of this
survey lies in its comprehensive integration of
heterogeneous computing paradigms within the IoE

context, moving beyond the siloed scope of previous
investigations. We extend the existing body of knowledge
by categorizing recent algorithmic breakthroughs and
analyzing their applicability in dynamic, multi-tier
network environments. Readers will benefit from a
critical analysis of state-of-the-art solution frameworks
that address the complexity of modern IoE tasks,
providing a clear roadmap for selecting appropriate
offloading strategies under varying resource constraints
and latency requirements.

TABLE II. A COMPARISON WITH RELEVANT SURVEYS

Work Year Contribution Limitation

Secure IoE task scheduling and Limited to 6G network

[21] 2021 . .
resource allocation environments

Compared IoE task scheduling .
[7] 2022 algorithms, optimization Limited to Fog

] . computing architectures
metrics, and evaluation tools puting

In-depth comparative analysis
2022 of task offloading, scheduling,
and resource allocation schemes

Limited to Edge
computing architectures

(2]

Covered four popular
2024 computing architectures in IoE
paradigms

Lacked analysis of task
scheduling and resource
allocation optimization

[12]

Studied applications,
2025 implementation challenges, and
widely adopted roadmaps

Lacked focus on task

(22] offloading

Compared each algorithm’s
objectives, strategies, and
energy management capabilities

Limited to Fog

(14] computing architectures

2025
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III. RESEARCH METHODOLOGY

This section outlines the literature review methodology
employed in this study. Clear search strategies and
inclusion criteria are established to ensure comprehensive
coverage and reduce selection bias.

To guide the data extraction and synthesis process
effectively, this study formulates a set of specific research
questions that address the core technical dimensions of
task offloading and resource allocation.

e RQI1: What is the comparative research emphasis
across the specific problem domains of task
offloading decision-making, resource allocation, and
their joint optimization?

RQ2: What are the dominant optimization techniques
and algorithmic paradigms currently adopted in the
literature?

RQ3: Which system architectures and computing
frameworks (e.g., MEC, Cloud-Edge Continuum) are
primarily supported and modeled in existing studies?
RQ4: What are the dominant optimization objectives
predominantly targeted in the current literature?

RQ5: How do distinct optimization paradigms align
with and adapt to the diverse and heterogeneous
application scenarios of IoE?

RQ6: What are the critical open issues and technical
limitations inherent in current optimization solutions?
RQ7: What are the emerging trends and high-potential
directions for future research in the field of IoE edge
intelligence?

The literature search was primarily conducted using
major academic databases, including IST Web of Science,
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Scopus, IEEE Xplore, and ScienceDirect. In addition,
keyword searches were also performed in Google Scholar
to reduce the risk of missing relevant studies. The
keywords used in this review are summarized in
Table III.

TABLE III. KEYWORDS

Keyword Intention
Internet of everything Scoping the Internet of Everything domain
IoE To avoid omissions resulting from the use

of abbreviations

Gathering hybrid task offloading studies

Internet of things across IoE and IoT domains

To avoid omissions resulting from the use

IoT of abbreviations
Task offload Defining the scope of t.he task offloading
domain
Scheduling Collecting studl‘es‘on Fask—ofﬂoadmg
optimization

Gathering studies on resource allocation for

Resource Allocation task-offloading

Collecting studies on task-offloading

Optimization R
optimization

This study restricts the literature review to the period
from January 2020 to October 2025. Task offloading and
resource allocation techniques for IoE networks prior to
2020 have already been extensively discussed in previous
survey studies [2, 7, 21]. Moreover, the year 2020 marked
the large-scale commercialization of 5G communication
technologies and the initial establishment of the 6G
vision, which collectively provided IoE networks with
unprecedented ultra-low latency and massive connectivity

capabilities. These advances have fundamentally
reshaped the constraint conditions and network
topologies underlying task offloading in IoE
systems [23—25].

g Records  identified  through .

'% database search (Web of Science, Qddlgona}i tified

3] Scopus, IEEE and thcor % é cn i 1e

= Science@Direct) rough tLioogle

3 n=3916 =402

!

Records after duplicates removed

5 n=764

8

]

5 Records screened based on title

= and abstract Records excluded
n=526

n=764

A 4

> B
R Full text articles assessed for .

= eligibility Studies excluded
2 = n=167

b n=238

A4

Articles included in the final
review

n=71

Included

Fig. 1. Flowchart of the study selection process.

To maintain a focused scope, only studies that
specifically investigate task offloading scheduling and
resource allocation optimization in IoE scenarios were
selected. In addition, publications addressing both IoE
and IoT contexts were carefully examined, and only those
primarily oriented toward IoE were included in this study.
Fig. 1 illustrates the literature collection and screening
process adopted in this work.

IV. FOUNDATIONS OF TASK OFFLOADING AND RESOURCE
ALLOCATION IN IOE

This chapter introduces the fundamental concepts and
methodologies related to task offloading and resource
management in the IoE. It first presents the basic
concepts, architectural characteristics, and key challenges
of the IoE. Then, it analyzes the classification and
decision-making approaches of task offloading
technologies and their applications in the IoE. Next, it
discusses task scheduling optimization, including task
execution order, prioritization, and cooperative
scheduling strategies. Finally, it presents resource
allocation methods, with a focus on the efficient
allocation and scheduling of computing, storage, and
network resources. Together, these discussions establish a
theoretical foundation for understanding and designing
efficient task offloading schemes in the IoE.

A. Internet of Everything

The IoE is an evolution and extension of the traditional
IoT [26—28]. It not only emphasizes interconnection
among devices but also focuses on the comprehensive
integration of people, things, data, and processes, as
illustrated in Fig. 2. The computing system of the IoE
typically consists of four layers: the user interaction layer,
the network layer, the edge computing layer, and the
cloud computing layer. Among them, User Equipment
(UE), edge nodes, and cloud servers together form the
foundational framework of a distributed computing
network.

Processes

Fig. 2. The four-pillar conceptual framework of the IoE.

In the IoE environment, a wide variety of devices are
involved, including smartphones, wearable devices,
industrial sensors, autonomous vehicles, and various
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embedded systems [29, 30].
significantly in computing power,
communication capabilities, and energy
constraints [31, 32]. Meanwhile, the complexity and
diversity of IoE application scenarios impose stringent
requirements on real-time performance and reliability.
Applications such as intelligent transportation, industrial
automation, telemedicine, and environmental monitoring
demand high data processing speed and rapid system
response.

Furthermore, with the massive scale of IoE devices and
services, the volume of data grows exponentially,
requiring the system to achieve efficient collaboration in
a distributed and multi-layered environment [33, 34].
Therefore, the IoE architecture not only emphasizes
interconnectivity and information sharing but also must
ensure scalability, dynamic adaptability, and robust
security and privacy protection [35, 36]. These
characteristics collectively pose significant challenges for
task offloading and resource management in IoE systems.

B.  Task Offloading

Task offloading is a key technology in IoE systems
that helps alleviate the computational burden on UEs
while enhancing system responsiveness and energy
efficiency, as shown in Fig. 3. Its core concept is to
migrate computation-intensive or latency-sensitive tasks
from resource-constrained UEs to more powerful edge
nodes or cloud servers for execution [37, 38]. In the IoE
environment, task offloading is not a simple migration
process. It requires comprehensive consideration of task
types, computational workloads, data dependencies,
network bandwidth, and the load conditions of both UEs
and edge nodes.

These devices differ
storage capacity,

Cloud MCCS
computing
layer ( e
- A —
/ // \/*/ \\
Task 7 / N\ Task
offload/ // Task \ offload
// | offload
\
€ L © |
Edge ECS | ECS
computing |
tayer P «) -
/
AR
/ — N\ \ ofﬂoad
/ Task
@) : \offload
S—
Task —> w
UE offload

Fig. 3. Schematic diagram of task offloading in IoE.

As the scale of IoE systems expands and application
scenarios become increasingly diverse, task offloading
strategies have evolved from early static rule-based
methods to dynamic and intelligent decision-making
mechanisms. For example, partial offloading strategies
divide tasks into multiple subtasks, allowing some
computations to be executed locally while others are
offloaded to the edge or cloud. This approach helps
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reduce energy consumption while maintaining fast
response times. Dynamic offloading strategies can adjust
offloading decisions in real time according to network
conditions, available resources, and task priorities,
enabling the system to adapt to environmental uncertainty
and variability.

Through well-designed task offloading strategies, the
processing capability of UEs and the overall system
throughput can be significantly improved, while data
transmission delay and total energy consumption are
reduced. These improvements provide a strong
foundation for delivering high-performance services in
the IoE.

C. Task Scheduling

In the process of task offloading, task scheduling
serves as the core mechanism for achieving efficient
computation and optimal resource utilization. The
primary objective of scheduling is to determine the
execution order, allocation, and timing of tasks across
different computing nodes in order to maximize system
performance and meet diverse service
requirements [10, 39].

As presented in Fig. 4, computational tasks can be
offloaded not only among UEs but also to the edge
computing network for faster processing. When edge
computing resources become insufficient, tasks can be
further offloaded to the fog or cloud computing layers for
execution. This hierarchical offloading process increases
the complexity of task scheduling and decision-making in
IoE systems. Therefore, task scheduling in the IoE faces
significant challenges due to the heterogeneity of devices
and computing capabilities, dynamic network conditions,
and the large number of tasks with uncertain arrival
times.

@O Battery
@ System load
Task type H Task
w D | Task offload
offload
<:> |:> Edge Fog Cloud
layer layer layer
Task
offload

More abundant computing resources
Higher network latency

Task workload G
Data size -

Fig. 4. Scheduling in task offloading.

Against this background, scheduling strategies have
evolved from static scheduling to dynamic scheduling.
Static scheduling plans task allocation and execution
order in advance, which is suitable for scenarios with
relatively stable workloads. Dynamic scheduling, on the
other hand, can respond in real time to changes in
network conditions, resource availability, and task
priorities, enabling the system to maintain high efficiency
in complex environments.
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In this line of research, tasks are typically modeled as
computation jobs characterized by their workload and
deadline constraints, as in Eq. (1).

1,={D,C,7™} ()

where D, denotes the size of the data associated with the
task, C,; represents the amount of computation required

to complete the task, and Z'l.max specifies the maximum

tolerable latency of the task.

For tasks that are not offloaded and instead executed
locally, their computation time and energy consumption
are typically modeled as shown in Egs. (2)—(3).

C

tiluc = fl(ic
e[loc _ k(filoc )2 C,

where f,° denotes the local CPU frequency, and k is

the energy coefficient dependent on the chip architecture.

Conversely, if the task is offloaded to a remote node
for execution, its execution time and energy consumption
are typically modeled as shown in Egs. (4) and (5).

2

€)

trem _ i comm

i rem i
/i
2
rem __ rem comm
e’ =q ( f ) C +e

“)

)

where f,"" denotes the CPU frequency allocated to the
task by the target computing node, and ¢ is the energy

consumption coefficient of the target node, which
depends on its chip architecture.

The task offloading decision model can be expressed
as shown in Eq. (6).

0 Local execution

(6)

1 Remote execution

where X; equals 0, it indicates that the task is executed

locally, and when X; equals 1, it indicates that the task is

offloaded to a remote node for execution. Therefore, the
multi-objective cost function for task offloading can be
expressed as follows:

+ (1 —x,)x (aitl]‘” + ﬂief"c)

where o;, f; € [0, 1] denote the user’s preference weights
for delay and energy consumption, respectively, and
o + ﬁ,‘ = 1

J,=x,x(a 1" + B
()

548

D. Resource Allocation

Resource allocation forms the foundation for the
efficient implementation of task offloading, and its core
lies in the rational distribution of computing, storage, and
network resources among UEs, edge nodes, and cloud
servers, as shown in Fig. 5. In the IoE environment,
resource allocation must address highly heterogeneous
computing  platforms, limited bandwidth, and
dynamically changing task demands. Different nodes
vary significantly in computing power, storage capacity,
and network conditions, while a large number of tasks
often compete for limited resources at the same
time [40, 41]. Therefore, the resource allocation
mechanism must not only improve overall system
performance but also ensure the prioritized execution of
critical tasks.

CPU cycles

Memory
space

Persistent
storage space

Network
bandwidth

Fig. 5. Resource allocation in task offloading.

To address these challenges, researchers have proposed
various resource allocation strategies. Optimization-based
approaches build mathematical models to achieve global
optimization of resource utilization. Heuristic and meta-
heuristic algorithms provide a balance between efficiency
and performance through approximate solutions. More
recently, learning-based methods have emerged, where
intelligent models are trained using historical data to
make rapid resource allocation decisions in dynamic
environments.

The allocation of computing and communication
resources directly affects task latency, as shown in
Eq. (4). Therefore, the joint optimization objective for
task-offloading scheduling and resource allocation can be
formulated as presented in Eq. (8).

min (1-x,)x¢" +xp<{%+%}

st Y (xxM)<M,,

Z(xl. X Sl.) <S..

bandwidth

)

where R, denotes the allocated for

transmitting the task data. M, and S, represent the
memory and persistent storage required for executing the
task, respectively, while M and S denote the

available memory capacity and persistent
capacity at the remote computing node.

storage
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Overall, in the IoE environment, task offloading not
only involves making decisions about migrating
computational tasks from UEs to the edge or cloud but
also requires addressing multiple challenges arising from
scheduling  strategies and  resource  allocation
optimization. The presence of complex heterogeneous
devices, dynamically changing network conditions, and
concurrent task execution leads to a high degree of
coupling among task offloading, scheduling, and resource
management. Optimization in a single dimension is often
insufficient to meet the comprehensive requirements of
system performance, energy efficiency, and latency.

Against this background, designing efficient offloading
strategies, intelligent scheduling methods, and effective
resource allocation mechanisms has become a central
focus of IoE research. The following sections will
systematically explore specific optimization approaches
and recent research advances related to these challenges,
providing insights for improving the overall performance
of task offloading in the IoE.

V. OPTIMIZATION PARADIGMS AND TAXONOMY

In the IoE environment, the performance improvement
of task offloading depends not only on the offloading
decisions themselves but also on the optimization of
scheduling strategies and resource allocation methods.
Due to the heterogeneity and multi-layered structure of
IoE systems, as well as the dynamic nature of tasks and
network conditions, a single optimization approach is
often insufficient to meet the comprehensive
requirements of multiple performance metrics such as
latency, energy consumption, throughput, and resource
utilization.

Classic

Optimation

Lyapunov
Optmization

\4

—

Heuristic-based
Optimization

Optimization

A\ 4

Techniques for
Task Offloading Game Theory-
and Resource based

Allocation
in IoE

Optimization

Data-Driven and
Al-Native
Optimization

.

»

Hybrid and
Collaborative
optimization

Fig. 6. Taxonomy of optimization techniques for task offloading and
resource allocation in IoE.
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To address these challenges, researchers have proposed
various optimization paradigms tailored to different
scenarios and application needs. These include classical
optimization, Lyapunov-based methods, heuristic
algorithms, game-theoretic models, data-driven and
artificial intelligence approaches, as well as hybrid
optimization strategies that combine multiple paradigms,
as illustrated in Fig. 6. Each paradigm has its own
theoretical ~foundation, applicable scenarios, and
performance characteristics, along with distinct
advantages and limitations.

The following sections will systematically review the
principles, design concepts, and applications of these
optimization methods in IoE task offloading according to
their technical paths, providing a comprehensive
theoretical framework for understanding and designing
efficient offloading strategies.

A. Classic Optimation

Classical optimization methods serve as the
fundamental paradigm for research on task offloading and
resource allocation in the IoE. These methods typically
rely on deterministic mathematical modeling and
analytical solutions, such as convex optimization, linear
programming, or greedy algorithms, to minimize latency,
energy consumption, or system cost while achieving
efficient resource allocation. In recent years, such
approaches have been widely applied across various [oE
architectures. Examples include task scheduling based on
multivariate linear regression and greedy algorithms, joint
optimization of energy consumption and latency using
convex and alternating optimization, and scheduling
strategies based on task priority or Earliest Deadline First
(EDF) policies. Table IV summarizes representative
studies in recent years that are based on classical
optimization methods.

In Ref. [42], a task scheduling strategy was developed
based on a Multivariate Linear Regression (MLR) model,
where a linear mapping between task attributes and edge
server load was established to jointly optimize task
processing delay and edge node workload. This type of
method features a clear structure and low computational
complexity, providing stable performance in
environments with fixed network topologies and
consistent task patterns. However, its main limitation lies
in the reliance on static parameter assumptions, which
prevents it from effectively capturing dynamic changes in
network topology and task characteristics.

In a similar vein, Manogaran and Rawal [43] modelled
the joint resource allocation problem in a fog computing
scenario using convex optimization. The proposed
approach achieved near-optimal performance comparable
to exhaustive search but with significantly lower
computational complexity, demonstrating the global
convergence and high precision of convex optimization
techniques. Such research highlights the mathematical
structure of optimization problems in IoE systems,
though its applicability is often limited by the convexity
assumptions required for modelling. In IoE environments,
communication link fluctuations, node heterogeneity, and
stochastic task arrivals tend to increase model non-
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convexity, making it challenging for traditional analytical
methods to maintain both accuracy and convergence

efficiency.
A resource allocation method based on
Multidimensional Bisection Searching (MBS) was

proposed to improve service freshness [44]. This study
targets IoE application scenarios that demand high data
timeliness. By iteratively searching for the optimal
allocation point within a multidimensional resource
space, the method dynamically adjusts task processing
and transmission rates to maintain the timeliness of
service results. Unlike traditional models that focus on
latency or energy consumption, this approach treats
information freshness as the core performance metric and
theoretically establishes a quantitative relationship
between task update intervals and resource allocation.
Experimental results demonstrate that this method
effectively reduces data expiration rates and enhances
service response consistency. Its main advantage lies in
achieving fast approximate solutions with limited
computational resources, offering strong real-time
performance and implementation efficiency. However,
the method overlooks latency minimization in its
modelling process and does not fully account for the
trade-off between freshness and delay, which may lead to
performance degradation under heavy-load or task-
intensive conditions.

To achieve a practical balance between responsiveness
and optimality, greedy and priority-based scheduling
strategies have been widely applied in IoE systems,
particularly in real-time task scenarios that are resource-
constrained and latency-sensitive. In a cloud-fog
collaborative architecture, a greedy algorithm was
initially employed for resource allocation to reduce
communication delay and cost [45]; this approach was
subsequently enhanced by incorporating a task priority
mechanism to ensure resources for critical tasks, thereby
improving latency and responsiveness [46]. These
methods offer the advantages of simplicity, rapid
response, and suitability for online deployment, and they
can generate near-optimal decisions efficiently, especially
on resource-limited edge nodes.

However, their limitations are also evident. First,
greedy strategies inherently lack a global perspective and
can only guarantee local optimality. Second, task
priorities are usually statically defined, making them
difficult to adjust dynamically according to
environmental conditions, which can lead to performance
instability under heavy workloads or high node
contention. In addition, Song et al. [47] and Picano and
Fantacci [48] adopted scheduling algorithms based on
task priority and Earliest Deadline First (EDF) strategies,
achieving good performance in terms of fairness and
deadline constraints. Nevertheless, these approaches
remain constrained by static task models and fail to fully
consider task coupling and cross-layer resource
competition. Lakhan et al [49] and Salim et al. [50]
further extended the greedy concept by introducing
blockchain and energy-aware mechanisms, enabling
resource scheduling to incorporate both security and
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energy efficiency. However, their performance tends to
degrade and computational overhead increases in highly
dynamic networks. Overall, greedy and priority-based
algorithms offer significant advantages in engineering
implementation and real-time responsiveness. Yet, in
complex and dynamic environments, their reliance on
local optimality and limited scalability continues to pose
major challenges.

As the complexity of IoE systems continues to grow,
researchers have increasingly adopted more systematic
numerical optimization frameworks to address nonlinear
and coupled resource allocation problems. An Alternating
Optimization (AO) method was first employed in MEC
environments to balance spectrum and energy efficiency
by decomposing the high-dimensional joint channel and
power allocation problem into solvable sub-
problems [51]; this convex optimization framework was
later extended to UAV-assisted MEC scenarios for the
joint optimization of trajectory, altitude, and task
scheduling to minimize completion time [18]. These
studies demonstrate that when the problem structure
exhibits convexity or decomposability, AO and convex
programming methods can achieve an effective trade-off
between global performance and computational
feasibility. However, these methods typically rely on
accurate system state and channel information, making
them highly sensitive to parameter errors and model
uncertainties. Consequently, their stability may degrade
in highly dynamic IoE networks. Moreover, the
computational overhead associated with  online
optimization remains considerable, posing challenges for
real-time  deployment in latency-sensitive IoE
applications.

A joint optimization approach integrating greedy
decision-making  with  the Best-Fit mechanism
dynamically adjusts node computing capacities to reduce
deadline violations and average latency, achieving a
balance between local responsiveness and global resource
utilization [52]. Building on this concept, a hybrid
optimization framework combining Block Coordinate
Descent (BCD) and Simulated Annealing (SA) was
developed to exploit the convergence stability of BCD
and the global search capability of SA [53]. This hybrid
design embodies the principle of deterministic
convergence and stochastic exploration, showing superior
robustness and global optimization performance in non-
convex IoE offloading problems. However, these
methods suffer from high computational complexity and
parameter sensitivity, as performance depends heavily on
initialization and annealing settings. With increasing
system scale and node density, iterative computation and
synchronization overheads rise sharply, limiting their
real-time applicability. Future research may integrate
hybrid optimization with distributed computation,
hierarchical control, or reinforcement learning to enhance
scalability.

To further improve system coordination, an Adaptive
ADMM-based scheduling algorithm was proposed to
minimize overall system cost in cloud—edge collaborative
frameworks [54]. By introducing adaptive penalty
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adjustments that respond to network dynamics, this
method accelerates convergence and reduces migration
and energy costs, demonstrating strong suitability for
heterogeneous IoE environments. Nonetheless, the
assumption of fixed user mobility overlooks its influence
on bandwidth and task migration, which may affect
performance under highly dynamic conditions.

From an application perspective, the applicability of
classical optimization methods differs considerably
across various IoE computing architectures. In cloud—
fog—edge collaborative frameworks (e.g., [43, 45, 46, 49,
50, 52, 55]), research primarily focuses on cross-layer

resource allocation and task offloading strategies, with
latency minimization and energy efficiency as the main
objectives. These approaches typically employ greedy or
convex optimization techniques to achieve hierarchical
resource allocation, thereby alleviating cloud overload
and improving overall system utilization. However, the
heterogeneity of cloud—fog—edge systems introduce
challenges such as inconsistent cross-domain parameters,
asynchronous  resource states, and incomplete
information, which make centralized optimization
approaches difficult to apply directly.

TABLE IV. CLASSIC OPTIMIZATION

Work Year Problems Utilized technique Op tlfmzfmon Architecture Advantages Limitations
addressed objective
[42] 2021 Task Multivariate Linear De{:;];}féogésss?ia d Edge Low computational Not support dynamic
scheduling Regression Balancing Degree complexity. network topology changes.
Reduce L
[45] 2021 Resouljce Greedy communication Clouq -Fog  High 1nfras-t ructure resource Scalability issues
allocation Continuum utilization
latency, lower cost
Task .
. . Greedy approaches find it
[46] 2021 scheduling Priority-driven Decrease service Clouq-Edge Critical task resources ensured  difficult to reach globally
and Resource delay Continuum . :
allocation optimal solutions
. Improve spectrum Support maximizing .
[51] 2023 zleos((:);z(c)i oAitifnnil;;?ogn efficiency & energy MEC computation rate under Imﬁ?rfltegzttf; ?;i:lsriflzgeliie to
P efficiency different DIBF schemes
Improve QoE
Task .o . . . Not support UE
[47] 2023 scheduling Based on task priority (Qual_lty of MEC High fairness differentiation
Experience)
Low-complexity joint design Only supports fixed
[43] 2023 Resouyce Convex optimization Reduce latency apd Fog very close to the exhaustive computation offloading
allocation energy consumption .
optimum scheme
Resource  Earliest Deadline First Increase ablht.y to High reliability of service EDF method difficult to
[48] 2023 . complete services MEC . . . o
allocation (EDF) . completion before deadline  achieve global optimization
before deadline
[44] 2023 Resouyce Multl'dlmensmqal Improve service Custom Service freshness guarantee Le}tepcyjredyctlon
allocation bisection searching freshness optimization ignored
Task Greedy decision and Reduce deadline Minimized the communication
scheduling Y . violations and Cloud-Edge distance and latency between Lack of global optimization
[52] 2023 Best-fit computing . . o
and Resource ower adiustment average task Continuum  the UE and the computing capability
allocation P J duration node
Task Re‘duce processing Cloud-Edge  Supports blockchain-based Ignor}: s resource fa1lgres and
[49] 2024 . Greedy time and lower . . invalid application
scheduling . Continuum data transmission . . .
power consumption registrations in the network.
Jointly schedules task
[18] 2024 TaskA Convex Optimization Reduge ta;k UAV-MEC allpcatlon, UAV ﬂlght Ignores the UAV bz‘mery
scheduling completion time trajectory, and hovering capacity constraint
altitude
Task Reduce energy Cloud-Edge  Supports differentiated task Lacks support for dynamic
[50] 2024 . Greedy consumption and . S . changes in the network
scheduling . . Continuum priority requirements. .
avoid task failures environment.
Task Block coordinate Reduce task yn small-scale tasl'< 0fﬂ0ad}ng, In large-scale scenarios,
schedulin descent (BCD)and  completion latenc it can stably provide solutions challenges arise from
[53] 2024 g . . P y MEC that are better than single excessive iterations,
and Resource Simulated annealing and energy L o
allocation (SA) consumption heuristic methods and more ~ sensitivity to parameters, and
global than pure BCD high computational overhead
Task A-daptwe alternating Minimize total Cloud-Edge Low computational Ignores changes in UE
[54] 2024 . direction method of . . -
scheduling multipliers (AADMM) system cost Continuum complexity. mobility speed
When the edge device’s
551 2025 Resouree  Least Recenty Used 1, BSSR0CE - Cloud-idge (R BEMECEL ey recuetion o hgh
allocation (LRU) y & Continuum i y y g

consumption

lowering latency

indirect hit rate may be
limited
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In the Mobile Edge Computing (MEC) architecture
(e.g., [47, 48, 51, 53]), the focus shifts toward joint
communication—computation optimization and task
scheduling fairness. Under such settings, resource
constraints are more stringent, and methods based on
convex or alternating optimization are commonly used
for channel allocation, energy management, and
multi-task concurrency control, effectively enhancing
spectrum utilization and service quality.

In UAV-assisted MEC (UAV-MEC) systems [18], the
spatial mobility of UAV nodes further couples trajectory
planning, power control, and task assignment, resulting in
highly non-convex and time-varying optimization
problems that challenge traditional analytical methods.
Additionally, Guo ef al. [55] introduced a Least Recently
Used (LRU)-based caching strategy, demonstrating the
potential of integrating classical optimization with cache
management to support data-intensive IoE systems
through latency-aware lightweight optimization.

In summary, classical optimization methods
demonstrate several advantages in IoE task offloading
and resource allocation, including solid theoretical
foundations, high computational efficiency, and
implementation  simplicity. These methods are
particularly suitable for static networks and analytically
tractable scenarios. However, they generally rely on the
assumption of complete global information and lack
dynamic adaptability, making them less effective in
addressing the time-varying and heterogeneous
characteristics of IoE environments. Recent research
trends have gradually shifted from purely deterministic
optimization toward hybrid optimization frameworks that
integrate dynamic modeling, heuristic adjustment, and
adaptive mechanisms. This evolution provides the
theoretical groundwork for subsequent developments in
Lyapunov-based optimization, game-theoretic
optimization, and Al-driven approaches.

B.  Lyapunov Optmization

Lyapunov optimization, as an optimization framework
rooted in stochastic network control theory, provides an
effective mathematical tool for addressing such problems.
By constructing a Lyapunov function that captures the
system’s queue state, this method optimizes long-term
average performance while maintaining system stability,
thereby enabling adaptive scheduling for time-varying
resource management. Compared with classical
optimization, Lyapunov optimization does not rely on
future information or offline computation; instead, it
makes decisions based on instantaneous system states,
making it particularly suitable for IoE scenarios
characterized by random task arrivals and frequent
network topology changes. A summary of these studies is
provided in Table V.

A Lyapunov optimization framework was introduced
into MEC resource slicing management to enable
adaptive service allocation and delay minimization under
dynamic network loads [56]. By constructing a Lyapunov
drift model that captures the relationship between queue
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length and resource utilization, the study transforms long-
term performance optimization into a per-slot online
decision process. Specifically, the algorithm dynamically
evaluates network conditions in each time slot and adjusts
resource slice allocation based on the drift-minimization
principle, thereby optimizing both energy consumption
and task latency while maintaining system stability. Its
main advantage lies in being statistically independent,
allowing adaptive optimization without prior system

information. However, as Lyapunov optimization
essentially adopts a greedy slot-by-slot decision
mechanism, it may yield suboptimal outcomes in

scenarios with multidimensional constraints or strong
nonlinearity, making it difficult to guarantee strict global
optimality. Moreover, its convergence performance
depends heavily on the drift-control parameter, whose
robustness remains an open challenge.

Building upon this, Luo et al [57] extended the
Lyapunov optimization framework in MEC systems by
proposing a joint task scheduling and resource allocation
algorithm to balance network performance and latency
reduction. The study formulated a multi-dimensional
dynamic queue model that jointly considers task
offloading decisions between UE and edge nodes, as well
as their effects on delay and energy consumption. By
minimizing the weighted sum of the expected Lyapunov
drift and power consumption function, the algorithm
dynamically adjusts task distribution and computational
resource allocation in each time slot, achieving a balance
among latency, energy efficiency, and stability. This
method maintains queue stability under complex network
dynamics and significantly reduces average task delay
even under heavy loads. However, the study also noted
that for high-dimensional coupled optimization problems,
the Lyapunov framework suffers from rapidly increasing
computational complexity, particularly in multi-node,
multi-resource cooperative scenarios. Additionally, its
sensitivity to environmental fluctuations may cause drift
oscillations in highly non-stationary IoE settings,
potentially degrading system stability.

Overall, research on Lyapunov optimization in IoE
task offloading and resource allocation remains relatively
limited. Nevertheless, its core principle, which focuses on
system stability analysis and long-term performance
optimization through drift minimization, offers a
promising direction for online decision-making in
dynamic environments. Compared with traditional
deterministic optimization, this approach can maintain
queue stability and reduce average latency under random
task arrivals and channel variations, demonstrating strong
adaptability. =~ However, its high computational
complexity, sensitivity to parameter tuning, and difficulty
in achieving global optimality in high-dimensional and
non-stationary  environments limit its  practical
deployment. Consequently, current studies mainly
concentrate on theoretical exploration and performance
evaluation in small to medium-scale IoE systems.
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TABLE V. LYAPUNOV OPTIMIZATION

Work Year Problems Utlll.zed Op tl{mz?twn Architecture Advantages Limitations
addressed technique objective
Optimize Incree}sed utilization of slice
[56] 2022 Resoufce Lyapunqv resource-slice MEC service resources, thereby Cannot gugran?ee global
allocation optimization selection reducing service del{iy and optimality
energy consumption
Task Optimized task distribution Eaces §hallenges of high-
schedulingand  Lyapunov Balanced network between the UE and edge dimensional computational
[57] 2025 R g ty P i performance and MEC computing nodes, reducing  explosion and sensitivity to non-
alleos(?;rtrigfl optimization reduced latency transmission and stationary environments in

computation latency complex scenarios

C. Heuristic-Based Optimization

With the expansion of IoE systems and the increasing
complexity of network structures, traditional analytical
optimization and Lyapunov-based methods face
significant limitations in terms of real-time performance
and scalability. Heuristic-based optimization has emerged
as an effective approach for addressing large-scale non-
convex optimization problems due to its relatively low
computational complexity and high flexibility. These
methods draw inspiration from natural swarm behaviors,
evolutionary processes, or intelligent search mechanisms
to obtain high-quality approximate solutions within
limited time, making them particularly suitable for IoE
scenarios characterized by complex task coupling and
analytically intractable models. Compared with
traditional optimization, heuristic approaches can perform
adaptive searches without relying on problem convexity
or precise system modeling. However, the optimality and
convergence of their solutions are often difficult to
guarantee. In recent years, various heuristic and meta-
heuristic algorithms, such as evolutionary algorithms,
swarm intelligence techniques, and hybrid search
mechanisms, have been proposed to optimize task
scheduling and resource allocation in IoE environments.
A summary of these approaches is presented in Table VI.

Ageel et al. [58] introduced a Chaotic Horse Ride
Optimization Algorithm (CHROA) with an embedded
chaotic mapping mechanism to address resource
allocation and load balancing in cloud—fog collaborative
environments. By incorporating a chaotic search operator

to enhance population diversity and designing a fitness
function that jointly evaluates node load and energy
consumption, the method achieves a balance between
load distribution and energy efficiency. Its key strengths
lie in preventing premature convergence through chaotic
dynamics and integrating multi-objective trade-offs
within the fitness evaluation. The approach demonstrates
strong adaptability to non-convex optimization and high
scalability, making it suitable for large-scale
heterogeneous systems. However, the absence of explicit
task deadline constraints may cause violations under
stringent latency requirements. Moreover, parameters
such as population size and chaotic coefficients
considerably influence performance, demanding careful
tuning and robustness validation.

In another line of work, Altin ef al. [59] employed two
well-established multi-objective evolutionary algorithms,
NSGA-II and SPEA2, to optimize task scheduling in

cloud—fog environments with the dual goals of
minimizing transmission cost and mitigating network
congestion. Through customized encoding and

crossover/mutation operators combined with crowding-
based selection strategies, the approach yields a Pareto-
optimal set of scheduling decisions. It effectively handles
conflicting objectives and mitigates network bottlenecks,
improving both throughput and system stability.
Nonetheless, the experiments assume idealized channel
conditions and overlook short-term wireless link
fluctuations, leaving its performance in highly dynamic
IoE networks yet to be validated.

TABLE VI. HEURISTIC-BASED OPTIMIZATION

Problems Optimization

Work Year Utilized technique s Architecture Advantages Limitations
addressed objective
Chaotlc‘ H.MS? Ride ImprOV}ng load Integrated optimization The potential risk of
[58] 2023 Resource Optimization balancing and Cloud-Fog of load balancing and deadline violations is
allocation Algorithm reducing energy Continuum enerey efficie 1%0 neclected
(CHROA) optimization &y y g
Task NSGA-II and Reduce data Cloud-Fog Proactively avoid IgnQres transmission
[59] 2024 . . . . fluctuations between UE and
scheduling SPEA2 transmission cost Continuum network congestion AP
Assumes that all jobs are of
Task Cus.tom. Minimize the t(_)tal Cloud-Edge Low computational _the same type an(_i arrive
[60] 2024 schedulin approximation cost of processing Continuum complexit simultaneously at time zero,
& algorithm tasks prexity. and that the edge servers
have the same speed.
Task wolf fish Minimize total delay Improved S
. . . o Validation was conducted
[61] 2024 scheduling  collaborative search and maximize Cloud-Edge  communication success only in low density and
and Resource algorithm (WF- communication Continuum rate via dynamic edge- Zim le scenari(}),s
allocation CSA) success rate node trust mechanism P
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Building on a different perspective, Li and Ou [60]
proposed a low-complexity approximate scheduling
algorithm designed for homogeneous batch jobs that
arrive simultaneously under identical edge server speeds.
The method minimizes total processing cost—including
both computation and transmission—by leveraging
structural reduction and approximate assignment rules.
While computationally efficient and easy to implement,
its reliance on restrictive assumptions such as task
homogeneity and  synchronized arrivals limits
generalization to real-world IoE  environments
characterized by heterogeneous tasks and asynchronous
arrivals.

Meanwhile, Tian ef al. [61] presented a hybrid swarm
intelligence method, the Wolf Fish Collaborative Search
Algorithm (WF-CSA), aimed at jointly optimizing task
scheduling and resource allocation in cloud—edge
collaborative systems. The algorithm introduces a
dynamic trust and reliability evaluation mechanism for
edge nodes, prioritizing task assignment to nodes with
stable and reliable connections. Results show substantial
gains in communication success rate and latency
reduction under low-density conditions. However, the
evaluation scenarios remain relatively simple, and the
method’s scalability and parameter sensitivity require
further investigation in large-scale, interference-prone, or
mobile IoE environments.

In summary, heuristic optimization methods draw
inspiration from natural collective behaviors and
evolutionary search mechanisms to achieve near-optimal
solutions for non-convex and complex IoE optimization
problems with relatively low computational cost, making
them well-suited for large-scale and dynamic scenarios.
These methods provide significant advantages in
implementation flexibility, model independence, and fast
convergence, thereby enhancing system performance in
complex environments. Nevertheless, they typically lack
theoretical guarantees of optimality, exhibit sensitivity to
parameter tuning, and face challenges in maintaining
stability and scalability under highly dynamic IoE
conditions. Hence, while heuristic optimization shows
strong potential for practical engineering deployment, its
further advancement depends on improving adaptability
and robustness in dynamic and uncertain environments.

D. Game Theory-based Optimization

Game-theoretic optimization provides an effective
decision-making framework for IoE task offloading and
resource allocation by modeling the competitive and
cooperative interactions among intelligent agents such as
user devices, edge nodes, and service providers. Unlike
deterministic ~ optimization, game-theoretic = models
capture the strategic interdependence and conflict of
interests among multiple entities, allowing the system to
seek equilibrium solutions such as Nash equilibria in
complex environments. An overview of these approaches
can be found in Table VII.

A two-tier game model was introduced to address task
scheduling in fog computing and Device-to-Device
(D2D) environments [62]. The upper-tier game models
resource competition among fog nodes, while the lower-
tier game handles task offloading among user devices.
The approach innovatively incorporates human activity
patterns into the network load model, making it more
representative of realistic IoE scenarios. Experimental
results demonstrate that this framework significantly
enhances task offloading efficiency and service
responsiveness. However, since participating agents
require partial global information to update their
strategies, convergence speed is limited in incomplete or
dynamic  information  environments. Moreover,
equilibrium stability under high-density deployments
remains insufficiently explored.

Building upon this direction, Wang and An [63]
introduced a differential game framework to address
dynamic task scheduling in MEC. Users and edge service
providers are modeled as continuous-time players, and
the Nash equilibrium is derived by solving the Hamilton—
Jacobi—Bellman (HJB) equations. The objective is to
minimize user service costs while maximizing provider
profits, thereby achieving a bilateral optimum between
users and service providers. This study -effectively
balances service costs and provider benefits over time,
maintaining sustainable resource utilization and economic
efficiency. Nonetheless, the assumption of constant
communication noise does not reflect the stochastic
nature of IoE wireless channels, limiting its applicability.
Furthermore, solving HJB equations involves high
computational complexity, which constrains its use in
real-time scheduling.

TABLE VII. GAME THEORY-BASED OPTIMIZATION

Work Year :;3:’::;2; t:itligfsge Optimization objective ~ Architecture Advantages Limitations
Task Improve task offloadin Fog and Considers the Global information is hard to
. wo-tier game . evice-to- impact of human obtain, limiting convergence
62] 2021 Two-tier g P € Devi impact of h btain, limiting o
scheduling efficiency . oL
device activities performance.
Mm}mlzes the edge . . Assumes that the noise in
. . computing service cost for Obtain the optimal . . .
Task Differential . R satellite communications is
[63] 2024 . users while maximizing the MEC strategy at the Nash .
scheduling game theory > I constant, which does not match
benefits for edge service equilibrium.

providers.

real-world conditions.

Resource Evolutionary
[64] 2024 allocation game-theoretic
approach

Improving the QoS of Edge-
based IoE Services

Increasing network ~ The effect of optimizing edge

throughput leads to  computing resource allocation on

areduction in task  the overall system performance
latency. has been overlooked.

Edge
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An evolutionary game-theoretic approach has been
proposed for resource allocation in edge IoE
services [64], where multiple edge nodes iteratively
adjust their strategies following replicator dynamics until
convergence to an Evolutionarily Stable Strategy (ESS).
This mechanism enables distributed self-organization
without centralized control, leading to improved network
throughput and reduced task latency. However, the study
did not fully examine the global impact of resource
optimization on energy fairness or node saturation, and
the convergence stability of the algorithm depends on the
initial strategy distribution and evolution parameters.

Overall, game-theoretic optimization demonstrates
notable advantages in distributed modeling, locally
rational decision-making, and self-organizing stability for
IoE task offloading and resource allocation. Its core
strength lies in achieving dynamic equilibrium through
strategic interactions among competitive or cooperative
agents, effectively mitigating the computational and
communication overhead of centralized optimization.
Additionally, game-theoretic frameworks offer high
scalability and adaptability, making them suitable for
multi-layer IoE architectures (such as cloud—edge—device
collaboration) and multi-objective optimization scenarios
involving latency, energy consumption, and profit trade-
offs.

E. Data-Driven and AI-Native Optimization

As the complexity and dynamism of IoE systems
continue to increase, traditional approaches such as
analytical optimization, heuristic methods, and game-
theoretic models struggle to maintain optimal
performance when facing high-dimensional state spaces,
time-varying network conditions, and uncertain task
patterns. To address these challenges, data-driven and Al
native optimization has emerged as a mainstream
direction in IoE task offloading and resource allocation
research. Unlike conventional methods that rely on
explicit mathematical modeling, this paradigm leverages
intelligent algorithms such as Machine Learning (ML)
and Deep Reinforcement Learning (DRL) to directly
learn optimal or near-optimal scheduling strategies
through environmental interaction, marking a paradigm
shift from optimization-based computation to intelligent
decision making. The specific related studies are listed in
Table VIII.

Data-driven and Al-native optimization methods have
rapidly developed in the domain of IoE task offloading
and resource allocation, emerging as an effective
approach to handle high system dynamics and complex
coupling. Unlike traditional optimization methods that
rely on precise modeling, these approaches leverage DRL
as the core, learning optimal strategies through
interaction with the environment and extracting decision
patterns from empirical data, thereby eliminating
dependence on task arrival distributions or channel
models. Within a single-agent reinforcement learning
framework, algorithms such as Deep Q-learning Network
(DQN), Deep Deterministic Policy Gradient (DDPG),
and Synchronous Advantage Actor-Critic (A3C) have
been applied in centralized or semi-centralized scenarios
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to jointly optimize latency, energy consumption, and
system throughput. For example, one study combined
Graph Attention networks (GAT) with DRL to capture
cloud—edge—end node topologies, achieving a dynamic
trade-off between energy and delay [65]. Another applied
DDPG to optimize wireless resource allocation, enabling
joint decisions on task offloading and power control in
continuous action spaces [66]. A further approach
incorporated end-device battery constraints into the
reward function, minimizing both delay and energy
consumption simultanecously [67]. These studies
demonstrate that single-agent DRL possesses strong non-
linear modeling and adaptive capabilities for handling
complex, high-dimensional decision-making problems.

One study proposed a task offloading method
combining a double-learning structure with an energy-
aware framework to balance latency, energy
consumption, and system utility [68]. In a mobile edge
computing environment, the approach uses a two-layer
learning structure: the lower layer employs DRL to learn
offloading strategies, while the upper layer dynamically
adjusts the reward function based on an energy estimation
model, allowing the policy to adapt to the remaining
battery levels of devices. Experimental results show that
this method can significantly extend device battery life in
energy-constrained scenarios while reducing overall
energy consumption without sacrificing system
throughput. Its key advantage lies in integrating energy
state feedback into the learning process, enhancing the
model’s energy adaptively. However, the approach is
sensitive to energy prediction accuracy; any deviation in
the energy model can lead the policy to behave overly
conservatively or aggressively. In addition, the two-layer
learning structure increases computational complexity,
posing challenges for deployment on low-capacity end
devices.

To accommodate distributed, heterogeneous, and
privacy-sensitive IoE  systems, researchers have
introduced Multi-Agent Deep Reinforcement Learning
(MA-DRL) and Federated Reinforcement Deep Learning
(F-DRL) frameworks. One approach combines MA-DRL
with F-DRL, allowing each end device to learn locally
and periodically upload policy updates for global
aggregation and strategy sharing, thereby achieving
network-wide  collaborative  optimization  without
exposing raw data [69]. Another study leverages a
Double Deep Q-network (DDQN) with a Distributed
Optimization (D20OP) mechanism to jointly optimize
response time and load balancing, demonstrating the
feasibility of multi-agent frameworks in complex MEC
systems [70]. Additionally, integrating the A3C algorithm
with digital twin technology enables simulation in a
virtual environment to accelerate policy convergence and
significantly improve training efficiency [71]. These
methods offer the advantage of enabling collaborative
learning and knowledge sharing while maintaining a
distributed system structure. However, they also face
challenges such as high communication overhead, non-
stationary policies, and difficulties in controlling the
frequency of aggregation.
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Some studies have explored hybrid intelligent
optimization frameworks that integrate Al algorithms
with classical methods to maintain learning capability
while reducing training complexity. One approach uses
Support Vector Machines (SVM) for task classification
combined with DRL to reduce the action space and
improve policy convergence [72]. Another introduces
Johnson’s pre-sorting rules as prior knowledge for DRL,
enabling faster batch task scheduling [5]. A dual-
algorithm structure combining DDQN and DDPG models
scheduling and resource allocation as discrete and
continuous action problems, respectively, effectively
avoiding inefficient searches in mixed action spaces [73].
Further work integrates Dueling DQN with Double DQN
and incorporates a dynamic auction compensation
mechanism to balance resource utilization and
fairness [74]. Hybrid frameworks generally outperform
standalone deep learning models, but due to coupling
between different modules, joint training can be unstable
or exhibit convergence oscillations, which may require
phased training or parameter freezing for improvement.

In continuous control and energy-constrained
scenarios, DRL applications exhibit considerable
diversity. One study proposed the Energy Harvesting
Edge Computing with Softmax Deep Double
Deterministic (EHEC SD3) algorithm based on DRL to
achieve energy-aware task offloading and resource
allocation in wireless energy-supplied multi-access edge
computing systems, effectively preventing terminal
devices from running out of power [75]. Another work
combined Self-Organizing Maps (SOM) with DRL for
resource optimization in hybrid wired/wireless IoE
environments, reducing the state space dimensionality
through feature clustering and thus alleviating training
burdens [76]. Meanwhile, predictive enhancement models
such as deep recurrent learning and Graph Neural
Networks (GNN) have been used to capture temporal
correlations of tasks and channels. Another study
leveraged future task load and user behavior prediction to
improve quality of service, but due to the complexity of
model training and slow convergence, its online
adaptability remains limited [77].

One study focused on long-term system utility
optimization for intelligent scheduling, using a deep
reinforcement learning framework to dynamically
allocate tasks in time-varying IoE networks [78]. Unlike
most short-term performance-oriented approaches, this
work incorporated a cumulative long-term performance
term into the reward function, enabling the learned policy
to balance energy consumption, latency, system load, and
resource utilization over extended periods. Experimental
results demonstrated superior stability and balanced
utility under high-load conditions. The main contribution
lies in highlighting the potential of reinforcement learning
for multi-stage, long-term decision-making. However, the
method also exposed issues such as slow convergence
and training instability, particularly under highly variable
task arrival distributions, which could lead to policy drift.
Additionally, the model did not fully consider task safety
and communication reliability, limiting its applicability in
critical IoE scenarios such as industrial control and
vehicular networks.

From an overall perspective, data-driven and Al-native
optimization methods demonstrate significant flexibility
and adaptability compared to traditional analytical and
heuristic approaches. They can directly learn high-
dimensional mappings in unknown environments, make
real-time decisions through policy networks, and
simultaneously optimize multiple performance metrics in
complex systems. However, these methods also face
several common challenges. First, the training process
relies heavily on extensive environment interactions,
resulting in low sample efficiency. Second, the models
often lack interpretability, making it difficult to
theoretically analyze stability and optimality. Third,
practical deployment demands considerable
computational resources and energy consumption, which
limits long-term operation on low-power devices.
Therefore, improving learning efficiency, reducing model
complexity, and enhancing generalization and stability

remain key directions for advancing Al-native
optimization in IoE task offloading and resource
management.

TABLE VIII. DATA-DRIVEN AND AI-NATIVE OPTIMIZATION

Problems Optimization

Work Year Utilized technique . Architecture Advantages Limitations
addressed objective
. Maximize the trade- . .
Re.l nforcement off utility between Trade-off between delay Only COHSld?rS the high energy
Task learning (DRL) and . Cloud-Edge . consumption of UEs while
[65] 2021 . : delay efficiency and . efficiency and energy . . .
scheduling graph attention . Continuum . ignoring the constraint of
network (GAT) energy copsumptlon efficiency remaining battery capacity
efficiency )
Task . Minimize overall
scheduling Multi-agent DRL energy consumption Supports application Only proposed the system
(MA-DRL) and . . Cloud-Edge L ) . S
[69] 2021 and while meeting . scenarios in ultra-dense,  framework without detailing its
federated DRL(F- Continuum . .
Resource DRL) latency highly dynamic networks components.
allocation requirements
Task Jointly optimize task
scheduling  Deep deterministic Reduce total Wireless Edge floa di)rll Iilecisi s and Does not consider computing
[66] 2022 and policy gradient computation Computing 0 gvirelegss resm(l)rce resource allocation alongside
Resource (DDPG) overhead (WEC) offloading decisions

allocation

coordination
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Task There are challenges in the
scheduling . Minimize mobile Considers battery rational allocation of weights
Deep reinforcement . o . b
[67] 2022 and learnin device delay cost MEC constraints in joint multi- among energy consumption,
Resource & and energy cost objective optimization processing delay, and
allocation communication delay
Round Robin (RR),
schzgil;in Strongest Channel
[68] 2022 and & (SC), Max Rate Minimise the total ~ Cloud-Edge Low computational Lacks global optimization
Resource MR), Proportional time Continuum complexity capability
allocation Fair (PF) and Priority
Base (PB)
Introducing an SVM
Deep reinforcement Reduce ener classification model
Resource  learning (DRL) and nergy Cloud-Edge improves prediction UE mobility impact on resource
[72] 2022 . consumption and X S
allocation Support vector latenc Continuum  accuracy and reduces the allocation is overlooked
machine (SVM) y computational load of
DRL
. . Predicting and estimating Long training times, 5.1 ow
Resource Deep Recurrent Improving Quality WN o convergence, and limited
[77] 2022 . ; . . . IoE applications and users o .
allocation Learning of Service (QoS) interconnection to minimize conflicts adaptability to dynamic
environments
Maximize the The algorithm has Does not discuss potential
Task g P
[78] 2022 . DRL expected long-term MEC polynomial time impacts during the data
scheduling . .
system payoff complexity transmission process.
Joint optimization of task
Reduce response response time and SLB Data security issues in the
Task . time, load balance, was conducted, with scheduling process were
(701 2023 scheduling DDQN with D20P and increasing task MEC careful consideration of the mentioned but not explored in
success ratio trade-oft between the two detail.
objectives.
Jmon's ot 11 050 el
scheduling DRL and Johnson’s S presorting reduces the . pc dep
Minimize the total ~ Cloud-Edge . in the multi-actuator
[5] 2023 and Rule-Based L. X computational load of the . . ..
Resource Presorting completion time Continuum DRL and improves environment, creating significant
: challenges for global
allocation response speed °
optimization
schzgil;in A h Minimize lone- Digital twin—enabled deep The quadratic growth of sample
g synchronous inimize long-term . . - .
- Cloud-Edge reinforcement learning complexity results in a
[71] 2024 and advantage actor-critic ~ cost of the tasks X - . .k . .
Resource (A3C) along the trip Continuum  facilitates thg generatlog of mgmﬁcant}ncrease in
allocation globally optimal strategies computational load
Self-Organized Map Supp Ogg%‘}ilr}ggsi wired The classification capability of
[76] 2025 Resource  (SOM)-based Deep Reduce latency and  Cloud-Edge communication reduces SOM affects the overall
allocation Reinforcement energy consumption  Continuum . performance of resource
. energy consumption and .
Learning (DRL) latency allocation
Ensures consistent Wireless Jointly considers UE
Resource DRL-based energy consumption powered multi- battery levels and wireless Task processing speed
[75] 2025 . between EH and access edge . . L T
allocation EHEC_SD3 IoT devices durin computin charging allocation to optimization is ignored
task execution ¢ (WPLI)\/IECg) prevent battery depletion
Task - Double deep Q- ceheduling. and DOPG
scheduling network (DDQN)and .. . . . & ) Overlapping computational costs
< .7 . Minimizing the task Cloud-Edge  allocates resources. Joint . . .
[73] 2025 and deep deterministic . . L and amplified non-stationarity
. . completion delay Continuum  optimization prevents local . . .
Resource policy gradient optima caused b may result in training divergence
allocation (DDPG) P Y
decoupled problem-solving
Task The proposed scheme can 48R 0 80 vaton
. Enhance adapt to dynamic Y Y mp
scheduling . . . factor only adjusts bids based on
Double DQN and computational Cloud-Edge environments while . .
[74] 2025 and ; . . . failed auctions and does not take
Dueling DQN efficiency and Continuum achieving a balance .
Resource resource utilization between encrey offici into account resource changes,
. gy efficiency . .
allocation task arrival fluctuations, or

and accurac . L
Y network bandwidth variations

game theory,

with intelligent methods like deep

F.  Hybrid and Collaborative Optimization

As IoE systems grow in scale, heterogeneity, and
dynamism, single optimization methods often struggle to
meet real-time, accuracy, and stability requirements
simultaneously. Hybrid and collaborative optimization
address this by integrating traditional analytical models,
such as convex optimization, Lyapunov optimization, and

reinforcement learning, heuristic search, or evolutionary
algorithms. This approach balances theoretical
interpretability with data-driven adaptability, improving
convergence, robustness, and real-time performance in
non-stationary environments. Table IX summarizes
representative research efforts in this domain.
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TABLE IX. HYBRID AND COLLABORATIVE OPTIMIZATION

Work Year :53?::;:3 Utilized technique Ol:) tl;;r:czt?:leon Architecture Advantages Limitations
Estimate edge server status via . .
Task Lyapunov and Reduce system L . . . Lacks comparison with
(791 2020 scheduling DRL(Actor-Critic) cost MEC digital tW.”? (DT), improving similar RL methods
decision accuracy
Reduce latency & . .. .
[80] 2020 Task Game theory and DR energy, increase Cloud-Edge Decentralized decisions, Slow convergence; hard to
scheduling scal;bili ty Continuum  avoiding single-point overload  achieve global optimum
. . . The impact of network
[81] 2021 Resoufce DRL and Heuristic Improving QoS MEC BOth yertlcal and. horlzo'nt'al fluctuations on allocation
allocation and QoE scalability are considered jointly L
decisions is ignored
. . The optimization process . .
[82] 2022 Resource lglsl:(sillzgfrﬁilm(ﬁiﬁ Minimizing system Cloud-Edge simultaneously ensures svlj?filln::ifci (t:(?ﬁ:lrn:zct;e
allocation arming average cost Continuum balanced load distribution y adap &
the traditional SRO network dynamics
across nodes
Task Offloading decisions Minimizing the Considering the user’s Slow convergence, costly
[83] 2023 schedulin based on preferences Jatenc MEC reference repair, sensitive to
g and NSGA-II y p parameters
Leader-based Faces challenges in rapidly
L adapting to dynamic
[19] 2024 Resource  Optimization (LO) and Increase energy Edge  High reliability and scalability changes and may exhibit
E\?olution (ADE) ¥ limitations in real-time
decision-making speed
Lyapunov Improves the trade-off amon All tasks from the UE are
Resource -yapu Balance latency ~ Cloud-Edge p . & offloaded, with no
[84] 2025 . optimization and . network latency, inference . . .
allocation . and accuracy Continuum . consideration for partial
metaheuristic search delay, and analysis accuracy .
local execution on the UE
1:ierlrl;tilzcalfii SI:V (algglO) Fully leverages overlappin Transmitting FL data on
Resource op on (¥ Minimizing the  rully leverages overlapping low-bandwidth, high-
[85] 2025 . and Decentralized Edge inter-satellite links to enhance .
allocation . mean latency . latency links poses
federated learning DFL latency efficiency
(DFL) performance challenges
Task Convex optimization Reduce the overall The hybrid approach consumes
186] 2025 scheduling and multi-agent energy MEC significantly less energy than Individual MEC server
and Resource reinforcement learning consumption of the the single-agent algorithm, resource usage is ignored
allocation (MARL) terminals QMIX, SAC
Task Reduces task loss Supports heterogeneous edge  Resource allocation faces
[87] 2025 scheduling  Stackelberg game and rate and system MEC networks and well-suited for challenges due to the
and Resource MADDPG delay handling high-density, latency- random distribution and
allocation ¥ critical tasks mobility of UEs
Task Successive convex Reduce CO2 emissions by
. S optimizing key factors, such as S
scheduling approximation and Reduce CO2 . . Lack of optimization for
[88] 2025 and Resource  deep reinforcement emissions Edge IOT. device transm'lt power, DT- task completion time
allocation learning (DRL) estimated processing rates, and

task offloading decisions

In Ref. [79], digital twin predictions have been
combined with Actor-Critic reinforcement learning under
a Lyapunov optimization framework to enable dynamic
task offloading in 6G millisecond time slots. In this
scheme, the digital twin estimates the queue length at
each edge node one millisecond in advance, while the
Actor network outputs continuous offloading ratios based
on these estimates, and the Lyapunov drift-plus-penalty
module ensures minimal long-term average cost.
Experiments on a custom 6G simulation platform
demonstrate an 18% reduction in total system cost and a
25% decrease in queue overflow probability compared
with nearest-first strategies. However, the baseline was
weak, lacking comparisons with homogeneous RL
methods such as DDPG or Multi-Agent Deep

Deterministic Policy Gradient (MADDPG), and no
sample efficiency or convergence time was reported. The
assumption that all tasks must be offloaded also neglects
local computation capabilities, limiting applicability in
terminal-edge collaborative scenarios.

Urban hotspot-coldspot load imbalances have been
addressed through a decentralized offloading-caching
framework incorporating congestion-price negative
feedback [80]. In this two-level game, the upper-layer
edge controller acts as a Stackelberg leader broadcasting
dynamic prices based on global congestion, while
terminals or micro-edge nodes, as followers, run local
DDPG agents to decide offloading ratios and caching
variables in a three-dimensional state space of price, local
CPU, and channel. Simulations with 500 terminals across
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45 nodes indicate a 22% reduction in average task delay,
15% lower terminal energy consumption, and 40%
decrease in hotspot CPU utilization variance. Despite
these improvements, the DDPG agent converges slowly,
requiring a long warm-up for online deployment. The
price update interval of 100 milliseconds also exceeds
typical wireless channel coherence times, ignoring fast
fading, and global optimality remains theoretical.

To handle massive IoE workloads, a two-level vertical-
horizontal online scaling framework has been
proposed [81]. The upper level employs an improved
Dyna-Q to determine discrete scaling actions at fine
granularity, while the lower-level places container
instances using a lightweight Best-Fit heuristic. The state
space captures CPU, memory, and bandwidth utilization,
with rewards defined as a weighted sum of QoS gain,
resource cost, and migration penalty, interfaced with
Kubernetes-HPA. Experiments in a 120-camera factory
scenario show a 28% improvement in QoS, a 21%
increase in resource utilization, and a 35% reduction in
scaling triggers. Limitations include simplified Gaussian
channel modeling, lack of explicit energy consideration
in rewards, and insufficient comparison with recent RL
baselines such as A3C, PPO, or SAC.

Quasi-oppositional learning has been explored for
Cybertwin 6G to reconcile global view and real-time load
balancing requirements [82]. By generating solutions and
their opposites during population initialization, the
method expands search coverage and accelerates
convergence. Simulations indicate reduced system costs
compared to ECORA, but the 30-second re-optimization
period is inadequate for second-level traffic bursts, and
fitness evaluation exceeds two seconds for over 5000
nodes. Furthermore, topology changes require full
reinitialization, incurring high computational overhead.

To overcome NSGA-II’s uniform treatment in mobile
edge scenarios, user preferences have been integrated into
multi-objective  evolutionary ~ optimization  [83].
Preference weights for delay and energy are extracted
from questionnaires and incorporated through reference-
point distance filtering, steering the Pareto front toward
regions of user interest. Simulated binary crossover
operators preserve preference directions. Experiments on
mobile video editing show substantial improvements in
user satisfaction and proximity to ideal solutions.
However, repair operator complexity scales poorly with
population size, the process runs offline, and comparisons
are limited to early NSGA versions.

In ultra-dense, energy-constrained IoE environments, a
two-level hybrid algorithm combining leader selection
and adaptive differential evolution has been
proposed [19]. Leaders are selected based on residual
energy to broadcast current optimal solutions, while non-
leader nodes dynamically adjust mutation and crossover
strengths. Sensor network experiments demonstrate
superior energy efficiency, reliability, and convergence
speed compared to traditional GA-PSO hybrids.
Nevertheless, full leader election and evolution per
generation impose heavy computational loads, and
comparisons remain limited to evolutionary methods,
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excluding reinforcement learning or convex optimization
alternatives. Carbon emissions are not incorporated in the
objective function, limiting compliance with green
network requirements.

Lyapunov queue stability combined with simulated
annealing and tabu search has been applied in an inner-
outer loop for real-time video streaming [84]. The outer
loop allocates resources based on backlog cost every
millisecond, and the inner loop searches batch size and
quantization bitwidth every 20 milliseconds to balance
latency and accuracy. Experiments with 200 ultra-HD
streams show a 6% increase in inference accuracy and
minimal queue overflow. However, all frames are
assumed offloaded, leaving terminal GPUs/NPU idle, and
channel modeling simplifications may reduce real-world
applicability.

In Ref. [85], Low Earth Orbit (LEO) constellations are
treated as aerial parameter servers for remote IoT.
Particle swarm optimization is used to find time-efficient
routes across inter-satellite links, while federated learning
selects clients based on reliability thresholds and uploads
gradients in parallel. Overlapping aggregation balances
waiting times. Simulations with the Walker constellation
and thousands of ground terminals show that average
learning latency is reduced by about 20% compared to
fixed routing, while reliability remains at enterprise-grade
levels. However, full-precision gradients are transmitted
over the already scarce Ka-band, quickly saturating the
bandwidth. Techniques such as gradient compression,
quantization, or sparsification are absent, making
satellite-to-ground  links the practical Dbottleneck.
Furthermore, when satellite failures trigger rerouting,
only latency is recalculated without considering energy
consumption, which may further drain already limited
terminal batteries.

Research on combining non-orthogonal multiple
access with mobile edge computing aims to improve
energy efficiency and reduce training time. A study
adopts a convex approximation followed by multi-agent
DRL [86]. The convex step provides initial offloading
and power allocations, reducing training iterations and
lowering energy consumption by over 10% compared to
pure multi-agent approaches. Limitations include
ignoring node-level thermal constraints and excluding
carbon emissions from rewards.

To support autonomous decision-making in dense IoE
networks, market-driven approaches have modeled edge
operators as price setters, allowing mobile terminals to
determine offloading and transmission power based on
dynamic prices [87]. In this framework, a Stackelberg-
MADDPG structure reduces task loss by nearly 30%
compared to Q-learning under random mobility.
However, simplified mobility models, limited cross-
paradigm comparisons, and hidden energy metrics reduce
practical interpretability.

In scenarios where both latency and carbon emissions
are critical, a carbon-aware framework has been
proposed, using successive convex approximation in the
outer loop and Double-DQN in the inner loop to
minimize CO: emissions while maintaining video latency
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below 80 milliseconds [88]. Simulations with 1,000
nodes show a 25% reduction in emissions, but all
computation occurs at the edge, leaving terminal
resources idle. In addition, partial offloading or dynamic
frequency scaling is unsupported, and comparisons are
limited to a few static strategies, leaving the carbon
reduction potential uncertain.

Overall, hybrid and collaborative optimization has
emerged as a key research direction in IoE task
offloading and resource allocation. Its core principle is to
leverage  complementary  strengths of  different
optimization frameworks, combining the theoretical
robustness of analytical models with the adaptability of
data-driven algorithms to achieve a balance between
performance and complexity in dynamic environments.
Traditional methods such as Lyapunov optimization,
game theoretic modeling, convex programming,
reinforcement learning, and heuristic search provide
complementary strengths in stability analysis, equilibrium
formulation,  constraint modeling, and  global
optimization. When combined with artificial intelligence
techniques, these methods enable autonomous learning
and cross-scenario adaptability. Challenges remain,
including algorithmic coupling complexity, limited
interpretability, and difficulties in distributed deployment.

VI. ANALYSIS AND DISCUSSION

In the previous chapter, the main research directions in
IoE task offloading and resource allocation were
systematically reviewed from the perspective of
optimization paradigms, including classical optimization,
Lyapunov optimization, heuristic methods, game-
theoretic models, Al-native optimization, and hybrid and
collaborative optimization. Building on this foundation,
this chapter aims to summarize and reflect on these
studies, examining the core principles of IoE optimization
and the evolution trends of methodologies from a holistic
perspective. Specifically, the chapter seeks to extract key
findings through comparative and integrative analysis of
existing works, highlighting the complementary strengths
and applicable boundaries of different optimization
paradigms, identifying unresolved scientific and
engineering challenges, and exploring potential directions
for future research. Such a systematic analysis not only
clarifies the developmental trajectory of IoE optimization
but also provides theoretical references and
methodological guidance for subsequent studies.

A. Key Findings Recap

Based on the quantitative analysis of the surveyed
literature the following key findings are identified and
discussed respectively.

1) Distribution of research focus across problem
domains

The statistical distribution of research focus reveals a
distinct tripartite landscape in IoE edge computing
optimization, as shown in Fig. 7. A significant portion of
the literature continues to prioritize isolated sub-
problems, with 16.32% of studies addressing task
scheduling exclusively (focusing on offloading decisions)
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and 18.36% concentrating solely on resource allocation
(focusing on spectrum or computational power
distribution). Together, these decoupled approaches
constitute the majority (approx. 35%), reflecting a
pragmatic methodology where researchers isolate
variables to mitigate the computational intractability
inherent in large-scale IoE networks. However, the
emergence of joint optimization, which accounts for
16.32% and effectively equals the share of task
scheduling, signals a critical paradigm shift. This
substantial proportion highlights the growing recognition
of the intrinsic coupling between communication and
computation resources. It suggests that while decoupled
optimization remains a vital low-complexity benchmark,
the field is irreversibly gravitating towards holistic, multi-
dimensional synergy to meet the stringent end-to-end
QoS requirements of next-generation IoE applications,
despite the algorithmic challenges involved.

Task Resource
Allocation

18.36%

Joint
Optimization

16.32%

Scheduling
16.32%

Fig. 7. Distribution of research topics.

2)  Adopted technologies

Based on the foregoing analysis, it is evident that
research on IoE task offloading and resource allocation
has evolved from early analytical models toward
intelligent, adaptive, and collaborative approaches, with
each paradigm exhibiting distinct characteristics in
theoretical foundation, optimization mechanism, and
system applicability. Classical optimization methods,
represented by convex optimization, linear programming,
and alternating iteration, offer strong theoretical
interpretability, low computational complexity, and high
solution accuracy, making them particularly suitable for
deterministic scenarios where system states are known
and constraints are analytically tractable. However, their
limitation lies in poor adaptability to dynamic
environments and  high-dimensional  non-convex
problems, making it difficult to maintain globally optimal
performance under the time-varying conditions of real
IoE networks.

Lyapunov optimization methods demonstrate unique
advantages in stability control and long-term performance
trade-offs, achieving dynamic balancing of delay, energy
consumption, and queue length through drift-based
constraints. They are particularly suitable for online
decision-making  under  time-varying  workloads.
However, these methods typically rely on accurate
estimation of system parameters and have limited
scalability in complex heterogeneous environments,
which explains their relatively limited application in IoE
task offloading.
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Heuristic and metaheuristic optimization methods,
with their flexible algorithm design, low computational
complexity, and model independence, have become
important tools for tackling non-convex, combinatorial,
and high-dimensional optimization problems. Typical
examples include genetic algorithms, particle swarm
optimization, and ant colony optimization, which perform
well in resource-constrained or analytically intractable
scenarios. However, these methods generally lack
guarantees of optimality, are sensitive to parameters and
initial conditions, and can easily become trapped in local
optima in highly dynamic IoE systems, limiting their
stability and generalizability.

Game-theoretic optimization methods focus on
interactive decision-making and strategy equilibrium
among multiple agents, providing an effective modeling
framework for resource competition in multi-user and
multi-node IoE scenarios. Non-cooperative games,
Stackelberg games, and cooperative game models are
widely applied in edge computing and network slicing to
capture  complex competitive and collaborative
relationships. However, their main challenges lie in the
high  computational complexity of equilibrium
computation, the extensive information requirements, and
limited ability to respond in real time to dynamic network
conditions.

Data-driven and Al-native optimization methods
represent the forefront of current research, leveraging
deep reinforcement learning, graph neural networks, and
federated learning to achieve end-to-end adaptive
decision-making, thereby overcoming the reliance of
traditional models on prior system knowledge. These
approaches demonstrate significant advantages in high-
dimensional state spaces, nonlinear constraints, and
multi-objective optimization, enabling the automatic
learning of near-optimal strategies in unknown or
dynamic environments. However, the high computational
cost, convergence stability, and limited interpretability of
Al models remain key bottlenecks, restricting their large-
scale deployment on energy-constrained IoE devices.

Hybrid and collaborative optimization methods have
emerged as a recent comprehensive trend, aiming to
integrate the strengths of different paradigms to overcome
the limitations of single approaches. By combining
Lyapunov stability constraints with reinforcement
learning adaptability or leveraging collaborative
frameworks between game theory and deep learning,
these methods achieve a balance between system stability

and intelligent decision-making. Although hybrid
approaches significantly enhance performance and
robustness, their algorithmic coupling, numerous

parameters, and high communication and training costs
remain challenges, requiring further refinement to support
large-scale heterogeneous IoE environments.

However, the distribution of adopted technologies is
notably unbalanced, as illustrated in Fig. 8. A striking
bipolar dominance is observed where Classic
Optimization and Data-Driven and  Al-Native
Optimization each command an equal and dominant share
of 30%. This equal split reflects a critical transitional
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phase in the field. Classical methods remain the
indispensable gold standard for theoretical benchmarking
and static sub-problems, whereas the surge in Al-Native
approaches highlights the urgent necessity to address the
stochasticity and complexity of modern IoE networks that
traditional models struggle to handle. Meanwhile, Hybrid
and Collaborative Optimization has captured a significant
22% share to emerge as a powerful third pole. This trend
indicates a growing consensus that purely model-based or
purely data-driven approaches have reached their
respective ceilings. Consequently, researchers are shifting
towards methodological synergy by combining the
adaptability of Al with the stability of mathematical rigor.
In contrast, specialized techniques like Heuristic, Game
Theory, and Lyapunov optimization occupy smaller and
niche proportions of 8%, 6%, and 4% respectively. This
does not imply their obsolescence but rather suggests that
they are increasingly integrated as auxiliary components
within broader hybrid frameworks instead of being
deployed as standalone solutions.

Hybrid and Classic
Collaborative Optimation
Optimization——— / 30%

22%
Lyapunov
Optmization
L 4y

Data-Driven
and AI-Native
Optimization
30%

\ Heuristic-

based
Optimization
8%

Game Theory-based
Optimization
6%

Fig. 8. Distribution of adopted technologies.

3)  Supported system architectures

The quantitative analysis of system architectures
presented in Fig. 9 reveals a decisive preference for
hierarchical and collaborative frameworks over isolated
computing paradigms.

Device-to-device

Cloud-Fog 49

Continuum

6%

Edge
—  Computing
12%

Cloud-Edge
Continuum
40% Multi-access
Edge
Computing

34%

Fog Computing
4%

Fig. 9. Supported system architectures across studies.
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The Cloud-Edge Continuum commands the largest
share at 40%, which underscores a fundamental
consensus in the field that edge limitations in storage and
computing power necessitate a vertical collaboration with
the cloud to handle intensive workloads. Following
closely is Multi-access Edge Computing at 34%,
highlighting the dominance of telecommunications-

standardized architectures that integrate computing
capabilities directly into the cellular network
infrastructure to support ultra-low latency 5G

applications. Together, these two dominant categories
constitute nearly three-quarters of the research landscape.
This concentration indicates that the research community
has largely converged on multi-tier hierarchical models
where the synergy between different computing layers is
the primary optimization objective. In contrast, other
architectures occupy niche positions. Edge Computing as
a standalone concept account for 12%, while Cloud-Fog
Continuum and Fog Computing represent 6% and 4%
respectively, reflecting their specific applicability in
decentralized IoT scenarios rather than general-purpose
cellular networks. Similarly, Device-to-device
communication holds a 4% share, suggesting that
horizontal collaboration among end-users is currently
viewed as a supplementary offloading mechanism rather
than a core architectural backbone.

4)  Breakdown of optimization objectives

The statistical breakdown of optimization objectives
presented in Fig. 10 reveals a distinct hierarchy in
research  priorities. Service Delay and Energy
Consumption stand out as the two predominant objectives
with engagement levels reaching approximately 14 and
12 respectively. This clear bimodal prioritization
underscores the fundamental conflict in IoE edge
computing.

QoS /QoE

Offloading Ratio
Communication Failures
Task Failures

Resource Utilization
Load Balancing

Cost

Energy Consumption

Service Delay
Communication Delay I
Processing Delay

5 10

o

Fig. 10. Engagement of optimization objectives.

On one hand the paramount need to minimize service
delay reflects the stringent latency requirements of
emerging time-sensitive applications and mission-critical
systems. On the other hand, the intense focus on energy
consumption highlights the critical constraint of battery
life in mobile IoE devices necessitating Green Computing
strategies. Together these two metrics constitute the core
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delay and energy tradeoff that drives the majority of
algorithmic designs.

Beyond these primary metrics a significant second tier
of objectives has emerged led by Cost and Task Failures
both with engagement levels around 6. The prominence
of these metrics indicates that the field is maturing from
purely theoretical performance maximization towards
practical robustness and economic viability. The focus on
minimizing task failures suggests a growing concern for
system reliability and fault tolerance in unstable wireless
environments while the emphasis on cost reflects the
need to optimize the economic expenditure of renting
cloud-edge resources.

Other metrics like Load Balancing Processing Delay
and QoS/QoE appear with lower frequencies not because
they are unimportant but because they are often treated as
constraints within the broader objectives of minimizing
total delay or energy.

5) Comparative analysis of algorithmic properties

It is crucial to acknowledge that a direct quantitative
comparison of absolute metrics, such as energy
consumption values or latency, is methodologically
infeasible across the surveyed literature. This limitation
stems from the significant heterogeneity in simulation
platforms, network topologies, channel models, and
baseline assumptions employed by different studies.
Therefore, instead of providing a numerical comparison

that lacks statistical validity, Table X presents a
systematic  qualitative synthesis of the inherent
performance characteristics for each optimization

paradigm. As detailed in the table, classical optimization
approaches remain the primary standard for solution
optimality and convergence speed in static sub-problems,
yet they struggle with the scalability required for ultra-
dense IoE networks. In contrast, heuristic and meta-
heuristic methods offer a model-free alternative that
effectively navigates non-convex solution spaces with
moderate complexity, though often at the expense of
guaranteed optimality. Similarly, game-theoretic models
excel in capturing the interactive dynamics of multi-agent
competition but face challenges in computational
complexity when seeking equilibrium in large-scale
systems. Notably, the analysis highlights a distinct trade-
off where Al-native approaches demonstrate superior
adaptability to non-stationary environments and high
scalability during the inference phase, but they incur high
upfront training complexity and strictly depend on data
quality. This comparative insight underscores why hybrid
paradigms, which aim to balance these conflicting
dimensions, are emerging as the most promising direction
for future research.

6) Evolution of optimization paradigms and scenario
adaptability

The survey of the existing literature reveals that the
evolution of task offloading and resource allocation
algorithms in IoE networks is essentially a dynamic
trade-off among computational accuracy, decision
timeliness, and environmental uncertainty. As network
architectures evolve from small-scale, static sensing
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systems toward cross-dimensional infrastructures with  frameworks, in which Al-based environment prediction is
integrated space—air—ground-sea coverage, a single combined with mathematical model-based constraint
optimization paradigm is no longer sufficient to cope  solving. This complementary mechanism bridges the gap
with the rapidly increasing system entropy. between model-driven and data-driven approaches,
In scenarios where channel conditions and network  enabling globally coordinated optimization of latency,
topologies remain relatively stable, classical convex  energy consumption, and reliability in heterogeneous,
optimization and Lyapunov stochastic optimization have  dynamic, and large-scale IoE ecosystems. Table XI
respectively established theoretical performance bounds  presents the adaptability mapping between six
and long-term queue stability guarantees. However, with ~ optimization paradigms and representative  task
the advent of ultra-dense networks, the curse of  offloading scenarios.
dimensionality and intensified multi-user competition In summary, the development of IoE optimization
significantly exacerbate computational complexity. In  techniques follows a progression from analytical
this context, heuristic algorithms and game-theoretic =~ approaches to heuristic search, then to learning-driven
approaches effectively alleviate NP-hard complexity by  strategies, and finally to collaborative hybrid methods.
moderately sacrificing local optimality or adopting  Classical and Lyapunov optimization provide theoretical

distributed decision-making mechanisms. foundations, heuristic and game-theoretic approaches

Furthermore, in highly dynamic and nonlinear  enhance multi-dimensional decision-making, and Al-
environments such as vehicular networks and Space—Air—  based and hybrid methods enable intelligent and self-
Ground Integrated Networks (SAGIN), traditional model-  organizing resource management. Regarding objectives,

driven approaches gradually lose effectiveness due to  these techniques have evolved from focusing on single
modeling difficulties and solution latency. This has  performance metrics such as delay or energy
accelerated a paradigm shift toward data-driven, AI-  consumption to multi-objective joint optimization. In
native optimization, where deep reinforcement learning  terms of architecture, solutions have shifted from
leverages millisecond-level inference capabilities to cope  centralized computation toward distributed and
with highly dynamic environments. collaborative decision-making, reflecting the overall

Ultimately, future research trends are expected to  trend of IoE systems advancing toward self-optimization.
converge toward hybrid and cooperative optimization

TABLE X. PERFORMANCE AND CHARACTERISTIC COMPARISON OF OPTIMIZATION PARADIGMS

Paradigm Computational Complexity Solution Optimality Convergence Scalability Adaptability Dependency on

Speed (Large-scale) (Dynamic Env.) Prior Knowledge

Classic Opt. Low / Medium High (Global Optimal) Fast Low Low High (Need Model)
Lyapunov Opt. Low Medium (Near Optimal) Fast Medium Medium Medium

Heuristic Medium Medium (Local Optimal) Medium Medium Low Low (Model-free)

Game Theory High High (Nash Equilibrium) Slow Low Medium High (Information)

Al-Native  High (Training)/Low (Inference) Medium/High Slow (Training) High High Low (Data-driven)
Hybrid High High Medium High High Medium

TABLE XI. ADAPTABILITY MATCHING MATRIX OF OPTIMIZATION ALGORITHMS AND IOE SCENARIOS

Typical Scenarios 1. Classic Opt. 2. Lyapunov Opt. 3. Heuristic 4. Game Theory 5. Al-based 6. Hybrid & Collab.
1. Small-scale Static . o o o o o
2. Ultra-Dense Networks o o . o °
3. Wide-area Sparse o o ° o o o
4. High-Mobility o o o o ° °
5. UAV-assisted Networks . o o o . )
6. Device-Edge Synergy o o o . o °
7. Device-Edge-Cloud o o ° o o °
8. SAGIN (Space-Air-Ground) o o o o . °
9. Energy Harvesting o ° o o o °
10. Task Dependency (DAG) o o . o . .
Note: o High Suitability, ® Medium Suitability, o Low Suitability.
B. Open Issues 1)  System complexity and scalability bottlenecks
Although significant progress has been made in IoE The continuous growth in IoE system scale and
task offloading and resource allocation optimization, ~ resource heterogeneity leads to an exponential increase in
several scientific and engineering challenges remain the s'tate Space. Whlle classwa ceptrallzeq optimization
unresolved. These issues reflect key bottlenecks in the — Pprovides  theoretical — optimality, it  becomes

evolution of the field toward intelligent, self-organizing, =~ computationally intractable in such high-dimensional

and scalable systems. The main open problems can be  spaces; similarly, game-theoretic approaches often suffer
summarized as follows: from prohibitive overhead when calculating Nash

equilibrium  for  massive  multi-agent  systems.
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Consequently, traditional centralized or single-layer
optimization algorithms face the curse of dimensionality
in ultra-large-scale networks. Even distributed and
collaborative optimization frameworks, which alleviate
some computational pressure, remain limited by
communication overhead, synchronization delays, and
model coupling complexity.

2)  Learning challenges in dynamic and non-stationary
environments

IoE environments exhibit pronounced non-stationary
and non-ergodic characteristics. Task arrival rates,
channel conditions, and device energy consumption
fluctuate over time, causing the performance of
algorithms based on static modeling or short-term
objectives to degrade rapidly. Existing research lacks
theoretical analysis of regret bounds under online
learning, making it difficult to quantify learning
efficiency in dynamic distributions. Furthermore, under
non-stationary and small-sample conditions,
reinforcement learning and neural optimization models
are prone to overfitting or catastrophic forgetting,
highlighting the need for more robust dynamic learning
mechanisms.

3)  Lack of theoretical interpretability and performance
bounds

Most hybrid or Al-driven optimization algorithms
remain at the empirical stage, lacking a unified theoretical
analysis framework. Unlike Lyapunov or convex
optimization, which offer rigorous mathematical proofs
for stability and optimality gaps, emerging deep learning-
based approaches operate largely as black boxes with
opaque decision logic. Consequently, convergence,
stability, and optimality are difficult to rigorously prove,
and performance lower bounds and complexity measures
are seldom quantified. This theoretical gap limits
reproducibility and reliability and constrains deployment
in safety-critical IoE systems.

4) Missing multi-objective trade-off modeling and
pareto optimization

IoE task offloading often involves multiple conflicting
objectives, such as energy consumption, latency, and
system cost. Most existing studies rely on weighted or
hierarchical strategies for approximate solutions and have
not established a complete modeling framework for the
dynamic Pareto frontier. Precisely characterizing and
controlling the optimal trade-offs among energy, delay,
and cost under dynamic constraints remains a key
scientific problem for efficient resource coordination.

5) Insufficient  cross-layer
collaborative optimization

and cross-domain

Optimization problems in IoE typically span multiple
layers, including computing, communication, caching,
and energy. Current research often focuses on single-
layer or local decision-making, lacking a global
collaborative mechanism across edge, end, and cloud
layers. Cross-domain optimization is further complicated
by resource competition and information asymmetry
between subsystems. Developing unified cross-layer
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optimization  frameworks that enable efficient
coordination among distributed autonomous systems
remains a core theoretical and engineering challenge.

6) Gaps in Human—Machine—Thing Collaborative
Decision Modeling

IoE is evolving from machine interconnection to
human—machine—thing collaborative intelligence.
However, most current optimization models assume
algorithm-driven  decision-making, ignoring human
behavior, cognitive delays, and social influence. Standard
game-theoretic models typically assume rational agents
with fixed utility functions, failing to account for the
bounded rationality and social dynamics inherent in
human participation. The lack of frameworks that
integrate behavioral game theory and social-aware
computing leaves human—machine hybrid decision-
making and three-way human—machine—thing interaction
largely unexplored.

7)  Limited model generalization and transferability

Al-driven optimization algorithms often perform well
in specific environments but struggle to generalize across
different task distributions or network topologies. While
heuristic algorithms offer some degree of robustness,
data-driven models are particularly prone to overfitting
specific network topologies, requiring retraining from
scratch when the IoE scenario changes. The absence of
effective transfer learning, meta-learning, or adaptive
mechanisms limits the reusability and self-evolving
capabilities of algorithms in multi-scenario IoE systems.
Developing approaches for rapid transfer and continual
learning is crucial for sustainable intelligent optimization
in IoE.

In summary, the main open issues in IoE optimization
include system scalability, dynamic non-stationary
learning, theoretical interpretability, multi-objective
Pareto optimization, cross-layer collaborative
mechanisms, human-machine integrated decision-
making, and model generalization.

C. Future Research Directions

Building on the preceding analysis, future research on
IoE task offloading and resource allocation optimization
is expected to advance toward intelligent, explainable,
adaptive, and collaborative frameworks. The following
seven directions represent key potential breakthroughs
and emerging trends in the field:

1) Scalable and structured optimization frameworks for
ultra-large-scale IoE systems

As the scale of IoE nodes and resource dimensions
continues to expand, overcoming the curse of
dimensionality becomes critical. Research can focus on
graph coarsening and super-node abstraction to compress
the state space and enable structured modeling. Coupling
these approaches with message-passing-based distributed
reinforcement learning frameworks, such as DGN and
GQNN, can facilitate global collaborative decision-

making through local information propagation. In
addition,  hierarchical = multi-agent  optimization
architectures and lightweight communication
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mechanisms will be essential for real-time optimization in
ultra-large-scale IoE networks.

2)  Online learning and dynamic convergence theory
for non-stationary environments

In dynamic IoE scenarios, system states exhibit non-
stationary and non-ergodic characteristics, for which the
theoretical guarantees of traditional reinforcement
learning remain insufficient. Future research should
establish regret lower bounds and dynamic policy
gradient convergence conditions for online optimization.
In particular, within the cloud, edge, and end three-tier
architecture, it is essential to explore the stability analysis
and theoretical convergence limits of hierarchical policy
gradients. Moreover, integrating elastic memory and
meta-learning mechanisms could enable models to
achieve adaptive iteration and maintain long-term
performance under non-stationary environments.

3) Theory and data fusion for explainable optimization
systems

Future intelligent optimization in IoE should evolve
from black box strategies toward operational knowledge.
By embedding Lyapunov stability, convex constraints,
and game equilibrium conditions into deep reinforcement
learning frameworks, it is possible to achieve explainable
optimization, ensuring that policy learning processes
remain consistent with underlying physical or theoretical
principles. Furthermore, integrating symbolic reasoning,
causal graph modeling, and visual decision logic can
enhance the verifiability and transparency of optimization
algorithms, enabling the transition from black box models
to knowledge-driven systems.

4) Multi-objective pareto optimization and self-
balancing mechanisms among energy consumption,
latency, and cost

Future IoE systems need to achieve dynamic optimal
balance across multiple objectives. Research can leverage
evolutionary multi-objective optimization, hierarchical
reinforcement learning, or policy transfer mechanisms to
approximate the Pareto frontier among energy
consumption, latency, and cost. In addition, developing
utility function learning frameworks for multi-objective
mapping can enable adaptive trade-offs by learning
dynamic weights from user preferences and system
constraints, thereby maximizing overall QoS satisfaction.

5)  Human machine thing collaborative intelligence and
behavior digital twin integrated optimization

Future IoE systems are expected to evolve toward a
stage of human machine thing collaborative intelligence.
To achieve genuine collaborative intelligence, a dual
cycle architecture that integrates behavioral and digital
twin models should be established. By inferring human
utility functions from social IoT and human machine
interaction data, it becomes possible to couple social
behaviors with task offloading optimization, enabling
joint incentive and offloading decision making.
Meanwhile, online twin consistency correction should be
explored to dynamically align the virtual and physical
systems, ensuring real time coherence between them.
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This direction will drive the IoE paradigm from
mechanical self-organization toward intelligent autonomy

with  social awareness and human  behavior
understanding.
6) Cross layer and cross domain collaborative

optimization framework

In the integrated cloud-edge-end architecture, it is
essential to develop verifiable hierarchical optimization

theories and cross domain resource collaboration
mechanisms. Future research should focus on establishing
a joint framework that combines distributed

reinforcement learning and hierarchical game theory to
analyze convergence conditions and stability of multi-
level control strategies, particularly considering
differences in time scales and task dependencies across
layers. By constructing semantic mappings of cross
domain resources and dynamic task offloading protocols,
autonomous coordination and joint optimization among
heterogeneous subsystems can be achieved.

7)  Zero sample and few sample transfer learning
mechanisms

In IoE systems, environmental conditions change
frequently and data collection is often costly, creating an
urgent need for zero sample and few sample transfer
learning strategies to enable rapid cross scenario
deployment and low-cost adaptation. By integrating meta
learning, self-distillation, and experience reuse
mechanisms, the system can quickly generate transferable
initial policies during task switching, significantly
reducing training overhead while enhancing self-
evolution capability.

In summary, the future of IoE optimization is expected
to transition from static modeling to dynamic self-
evolution, from black-box learning to explainable
knowledge-driven approaches, and from individual
intelligence to human—machine—thing collaborative
intelligence. Theoretically, multi-level convergence
analysis and actionable knowledge modeling will bridge
the gap between Al and optimization theory;
methodologically, distributed learning, graph
optimization, and digital twin technologies will enable
system-level adaptability; and practically, IoE systems
will advance toward cognitive, resilient, and sustainable
optimization capabilities.

VII. CONCLUSION

This paper provides a comprehensive review of major
research progress in task offloading and resource
allocation optimization for the Internet of Everything
(IoE), transcending previous siloed studies by offering an
ecosystem perspective and a clear algorithmic roadmap
for addressing the complexities of this domain. Focusing
on the characteristics of high heterogeneity, strong
dynamics, and multi objective constraints, the study
summarizes the theoretical foundations and performance
features of several optimization paradigms, including
classical optimization, Lyapunov optimization, heuristic
optimization, game theoretic optimization, Al native
optimization, and hybrid collaborative optimization.
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Our quantitative analysis reveals a decisive
evolutionary trajectory: while classical methods remain
fundamental, there is a distinct paradigm shift toward
data-driven intelligence. Specifically, the emergence of
hybrid and collaborative optimization as a rapidly
growing research focus confirms the necessity of merging
theoretical stability with Al adaptability. However, IoE
optimization still faces multiple challenges, including
limited scalability in ultra-dense networks, weak
theoretical support for learning in non-stationary
environments, and insufficient interpretability. Crucially,
the unique “People” and “Process” dimensions of IoE
remain under-optimized, with a notable gap in human-
machine collaborative decision-making frameworks.

Future research must bridge these gaps by shifting
from single algorithmic designs toward systematic
intelligent decision-making. Emphasis should be placed
on theory-data fusion for explainability, digital twin-
driven behavioral modeling, and cross-layer autonomous
control. Consequently, IoE networks will evolve from
static connectivity into cognitive ecosystems capable of
learning, reasoning, and self-organization, providing
fundamental support for the next generation of intelligent
social infrastructure.
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