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The rapid increase in the number of connected devices has created a vast computational infrastructure. While in-
telligent applications (e.g., VR/AR, autonomous driving, and Al assistants) demand substantial processing power,
they are typically executed only in short bursts. As a result, devices remain idle for significant periods, presenting
an opportunity to utilize their unused computational resources. Computation offloading has emerged as a viable
solution, where resource-constrained devices leverage edge or cloud infrastructure for intensive tasks. More re-
cently, horizontal offloading has gained attention as a complementary approach, enabling devices within the
same layer to collaborate and utilize idle resources more efficiently. In this survey, we examine current research
on computation offloading in collaborative computing systems that span from horizontal offloading among end
devices to more complex systems involving horizontal as well as vertical offloading to edge/cloud systems. Our
examination focuses on architectures, collaborative characteristics, and offloading dynamics, such as task depen-
dency, mobility, and multi-hop offloading. We begin by introducing edge computing paradigms and key concepts
in computation offloading and collaborative computing. The offloading approaches are then classified into classi-
cal, heuristic, metaheuristic, and machine learning methods, further divided into centralized, decentralized, and
distributed categories. These approaches are analyzed and compared based on collaborative system, architecture,
offloading dynamics, and evaluation methodology. Finally, we have identified open challenges and emphasized
the need to unify research across edge computing paradigms, alongside a focus on more complex collaborative
systems that resemble real-world systems, and the development of standardized evaluation frameworks as key
directions for future work.

1. Introduction

In recent years, the computational capabilities of battery-powered
mobile devices have seen significant advancements. Enhancements in
chip design, hardware accelerators, memory, and connectivity have
transformed these devices into powerful, multipurpose tools suitable for
a wide range of applications, including computer vision and natural lan-
guage processing. These improvements are particularly critical in fields
like robotics, Augmented/Virtual Reality (AR/VR), and self-driving ve-
hicles, where devices must process and interpret data from dynamic en-
vironments through various sensors. However, processing and analyzing
sensory data still demands high computational power, which remains
a challenge for battery-powered devices. Moreover, intensive computa-
tional tasks consume significant energy, limiting the device’s operational
time.

A prominent solution to this issue is Computation offloading, where
computationally intensive tasks are offloaded to more resource-rich de-
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vices, such as those in the cloud. While cloud computing has been a
widely adopted paradigm, it suffers from high latency [1]. This makes
cloud computing a less favorable option for real-time applications, such
as self-driving vehicles and robotics, as it may not meet critical re-
quirements like reliability, and rapid responsiveness due to variance in
wider networks [2]. To address this, the edge computing paradigm has
emerged, placing servers closer to mobile devices to reduce latency. As
aresult, edge computing has gained increasing popularity in mobile and
vehicular applications, including robotics and aerial vehicles [2-4].

In recent years, Device-to-Device (D2D) offloading has gained in-
creasing attention as a strategy to enhance the utilization of idle de-
vices, particularly due to advancements in computational capabilities
and communication technologies of user devices. This is especially im-
portant for applications with bursty computational demands and low-
latency requirements, such as AR/VR, Artificial Intelligence (AI) as-
sistants, and self-driving systems, which often alternate between high
processing loads and idle periods. D2D offloading leverages this idle
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Fig. 1. Overview of this survey.

capacity by enabling devices with similar resources to collaborate and
offload tasks within direct communication range. This approach can
achieve lower latency; however, its performance is constrained by the
computational capabilities of individual devices. The term Collaborative
Computing refers to the utilization of communication technologies by
devices to share resources or exchange information. In this survey, we
define a collaborative system as one in which all devices within the net-
work, including edge servers, the cloud, and other mobile devices, are
capable of sharing information and resources.

1.1. Computation offloading

Computation offloading involves transferring a computational task
from one device to another, which performs the task on behalf of the
original device. Offloading is particularly useful when a device lacks
the necessary resources, whether due to temporary limitations or per-
manent deficiencies, such as inadequate computational power, memory,
or data availability. It also helps accelerate computation time and bal-
ance workloads across a network of devices, especially when a device
needs to allocate resources for higher-priority tasks.

Offloading is typically framed as an optimization problem, aiming
to optimize a specific objective, which is often application-dependent
[5]. The problem can be formulated as single or multi-objective [6].
Common objectives include minimizing energy consumption, latency,
or resource allocation [5]. Other novel objectives have been proposed,
such as social trust [7] or satisfaction [8]. A variety of methods have
been proposed to solve the optimization problem, ranging from classi-
cal approaches to machine learning techniques. Given that the original
problem is often NP-hard, decomposition or relaxation techniques are
frequently used [5] to make the problem more tractable. Additionally,
strategies for solving the offloading problem and its subproblems often
combine multiple techniques from different method categories, such as
classical and heuristic approaches [7,9], as well as metaheuristic and
machine learning methods [10]. In this article, we categorize the task
offloading methods into classical, heuristic, metaheuristic, and machine
learning approaches, which are further subdivided into centralized, de-
centralized, and distributed approaches. Centralized methods are em-
ployed to solve global optimization problems by leveraging a global
view of the environment. In contrast, distributed methods aggregate
data from individual agents to collectively address a global optimization
problem. Decentralized methods, on the other hand, involve each agent
solving an optimization problem based solely on local information.

1.2. Collaborative computing

In collaborative computing systems, a device shares information,
resources, or seeks assistance from other devices to perform a task.

Typically, the requesting device is a mobile device, vehicle, or user
equipment, while the assisting device may be another mobile device, a
resource-rich edge server, or the cloud. A common architecture divides
devices into three layers based on capabilities, and resources. The first
layer, consisting of user equipment, vehicles, and other mobile devices,
is considered the end layer, located at the edge of the network. The next
layer, often referred to as the edge, includes devices with more compu-
tational resources. The edge layer aims to bring cloud capabilities closer
to the end devices, reducing latency compared to traditional cloud com-
puting. Specialized subsets of edge computing are Mobile Edge Comput-
ing (MEC) [11] designed for mobile networks, Vehicular Edge Comput-
ing (VEC) [12] for vehicular networks, Unmanned Aerial Vehicle (UAV)
assisted MEC (UAV-MEC) [13] integrates edge capabilities to UAV, and
Satellite-assisted MEC [14] that integrates edge server to a satellite. Edge
and fog computing are often used interchangeably due to their shared
characteristics, such as localized storage and computing near end de-
vices. However, fog computing is generally considered more scalable
and positioned even closer to end devices [15]. The last layer, cloud, is
often considered to have virtually infinite resources [16]. Additionally,
cloud and edge computing have been integrated with cognitive comput-
ing, enabling systems to learn from their environment and dynamically
adapt, achieving human-like cognitive intelligence [17,18].

Collaboration can occur either vertically or horizontally. In verti-
cal collaboration, also known as inter-layer, a device seeks assistance
from a computing layer with more resources, such as the edge or cloud.
This approach is particularly effective when a mobile device lacks suffi-
cient capabilities. In horizontal collaboration, also known as intra-layer,
a device seeks assistance from other devices within the same layer. This
approach can achieve the lowest latency, particularly at the end layer,
where devices are often in close proximity to one another. One of the
primary challenges in collaborative computing is limited connectivity
due to the mobility of devices [19]. Device movement can alter the net-
work topology, introduce additional latency, or even push devices out
of communication range [19].

1.3. Contribution and organization

This article provides a comprehensive survey of 71 studies on task of-
floading in collaborative systems, including MEC, VEC, and UAV-MEC.
The overview of the article can be seen in the Fig. 1. It examines compu-
tation offloading approaches within various collaborative environments,
with a particular focus on intra- and inter-layer offloading dynamics.
These dynamics offer valuable insights into the underlying principles of
methods applied in complex systems. Our key contributions are summa-
rized as follows:
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Table 1
Comparison of related surveys.
Year Collaborative Network Focus on Focus on Main
task offloading offloading  collaboration  Perspective
D2D Edge Cloud MEC VEC Aerial
[20] 2018 v v v Multi-device collaboration in MEC
[21] 2019 v v v v v Various aspects (energy, QoS, QoE)
[22] 2020 4 v 4 v Various offloading modeling methods
[23] 2020 v v v Game-theoretic approaches to offloading
[24] 2020 v v v v v v Edge-cloud task offloading taxonomy
[19] 2021 v v v v v Mobility-aware MEC offloading
[5] 2022 v v v v v v v Most common offloading issues
[6] 2022 v v v v v Optimization methods for offloading
[4] 2022 v v v v v v Offloading for ground and aerial robots
[3] 2022 v v v v v v Vehicular task offloading taxonomy
[13] 2022 v v v UAV-MEC offloading
[25] 2022 v v v v v MEC offloading: Issues in objectives
[26] 2022 v v v Joint WPT-MEC energy solutions
[27] 2022 v v v v Focus on ML, EA, SIA methods
[28] 2022 v/ v v v v v v RL methods for offloading
[29] 2024 v v v v v v DRL for offloading
[30] 2024 v v v v v MADRL and DRL for offloading
[31] 2024 v v v v v v Focus on task types for offloading
[32] 2024 v v v v v v Offloading strategies in MEC
[33] 2025 v v v v 4 v Game-theoretic approaches to offloading
[34] 2025 v v v v Offloading from low-altitude to satellites
[35] 2025 v v v v v v Federated and distributed offloading in MEC
Our 2025 v/ v v 4 v v v v Offloading strategies in collaborative systems

1. We present collaborative system architectures, system models, and
offloading approaches, providing a detailed discussion of their key
components.

2. We offer a thorough survey of both fundamental and recent advance-
ments in computation offloading in collaborative systems that span
from D2D offloading to more complex offloading schemes, empha-
sizing intra- and inter-layer dynamics such as mobility, multi-hop
offloading, and task dependency. We categorize the offloading ap-
proaches into four groups and further classify them based on their
design into centralized, decentralized, and distributed.

3. We highlight the open challenges in the field and propose poten-
tial research areas. It includes discussions on the contributions of
algorithms, the development of evaluation environments, the unifi-
cation of offloading in edge computing research, and the exploration
of complex collaborative systems.

The article is organized as follows: Section 2 covers the search
methodology, and Section 3 related work. Section 4 provides the prelim-
inaries of collaborative computing, system modeling, and computation
offloading. Section 5 reviews the literature, categorizing and comparing
articles based on offloading approaches. Section 6 discusses open chal-
lenges and proposes future research directions, followed by the conclu-
sion in Section 7.

2. Search methodology

The primary articles were searched from well-known databases in-
cluding IEEE Xplore, Springer, ScienceDirect, ACM, and Scopus, without
applying search restrictions such as publication year limits. The search
query used across all libraries was: (“edge computing”) AND (device-to-
device OR vehicle-to-vehicle) AND (collaborative OR collaboration) AND
((task OR computation) AND (allocation OR orchestration OR offloading)).
In ScienceDirect, the query was split into two parts due to boolean con-
nector limitations.

Rigorous screening was conducted to include relevant articles. We
performed “Title and Abstract” and “Full Text” screenings to exclude ir-
relevant papers. Final exclusions were made during the analysis phase.
Papers were included if they were peer-reviewed, written in English,
and represented final publications (excluding pre-prints, theses, and
patents). Only papers proposing an offloading method that involved

at least local computing and horizontal offloading among end devices
(D2D) were selected, excluding papers that focused on other problems
like resource allocation or solely vertical offloading (edge or cloud com-
puting). In total, 71 articles between 2017 and 2025 were selected for
analysis from an initial pool of 358.

3. Related work

The reviewed surveys collectively address various aspects of compu-
tation offloading in MEC and related paradigms. Jiang et al. [21] focus
on computation offloading using heuristic and game theory based ap-
proaches in edge computing, emphasizing energy consumption, Quality
of Service (QoS) guarantee, and Quality of Experience (QoE) enhance-
ment, while Zhang et al. [20] explore collaborative multi-device com-
putation. Shakarami et al. [23] examine game theory-based offloading,
categorizing, and comparing approaches in terms of utilized techniques,
and case studies. In 2024, Pirhosseini et al. [33] revisited game-theory
based offloading and presented systematic review with focus on offload-
ing in edge-fog-cloud systems. Wang et al. [24] introduced a taxonomy
for edge-cloud offloading and analyzed offloading methods based on
task type, offloading schemes, optimization objectives, multi-hop coop-
eration, and mobility considerations. Lin et al. [22] focus on offloading
modeling, including heuristic, machine learning, and game theory ap-
proaches, while Zaman et al. [19] emphasize mobility-aware offloading
techniques. Sadatdiynov et al. [6] review six optimization approaches,
advocating for real-world evaluations, and three-layer offloading sce-
narios. Mohammad et al. [5] provide a comprehensive mixed-method
survey, identifying optimization approaches, offloading-related issues,
and bibliometric trends.

In domain-specific contexts, Asiful Huda et al. [13] explore UAV-
MEC offloading, which was revisited in 2025 by Ahmadun et al. [34],
where they examined offloading approaches from low-altitude aerial ve-
hicles up to satellites. Ahmed et al. [3] reviewed vehicular offloading un-
der a communication perspective, with classification of methods under
Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I), and Vehicle-
to-Everything (V2X) paradigms. Chaari et al. [4] focus on robotic
offloading challenges like connectivity loss and fault tolerance, and
Mustafa et al. [26] integrate Wireless Power Transfer (WPT) and MEC,
emphasizing antenna design and simulation tools. Feng et al. [25] and
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Jin et al. [27] focus on computation offloading in MEC covering wide
variety of approaches, such as Machine Learning (ML), Evolutionary
Algorithms (EA), and Swarm Intelligent Algorithms (SIA). Peng et al.
[29] and Wei et al. [28] highlight Reinforcement Learning (RL) and
Deep RL (DRL) methods. In 2024, Gu et al. [30] extended DRL ap-
proaches to Multi-agent RL (MARL) to optimize offloading, resource
allocation, caching, and mobility management. Dong et al. [32] and
Zhang et al. [31] provides the latest reviews of task offloading in MEC,
where [31] focus on task type classification, and [32] categorizes meth-
ods based on objectives. Lastly, Pournazari et al. [35] in 2025 examined
federated offloading approaches within Internet of Things (I0T) edge-to-
cloud continuum. It categorized solutions into centralized and decentral-
ized methods based on horizontal and vertical offloading. Their work is
closely related to ours, yet our study extend it by comparing methods
across computing paradigms, offloading dynamics, and by introducing
a broader categorization into distributed models.

Collectively, these studies offer a comprehensive review of offload-
ing approaches in various end-edge-cloud computing paradigms, cover-
ing domain-specific contexts, diverse objectives, and key challenges for
advancing offloading and edge computing research (Table 1). However,
previous works lack a comprehensive survey that addresses task offload-
ing across various collaborative systems, encompassing all edge com-
puting paradigms, computing modes, and various offloading dynamics
while providing a multi-variable comparison of approaches based on
architecture, edge computing paradigm, evaluation environment, and
offloading dynamics.

4. Computation offloading in collaborative computing systems:
Background

This section provides the preliminaries of collaborative computing
and computation offloading. It introduces the fundamentals of collabo-
rative computing and relevant computing paradigms, such as edge and
cloud, followed by a detailed description of common system models,
and computation offloading approaches.

4.1. Collaborative computing systems

Collaborative computing involves multiple devices or systems work-
ing together to solve computational problems, share resources or infor-
mation, or coordinate actions toward a common goal. It integrates edge
computing, cloud computing, and Peer-to-Peer (P2P) networks into a
unified paradigm [5].

4.1.1. Computing architectures

Computing architectures are typically divided into two-tier and
three-tier systems [22]. Two-tier architectures are common and consist
of edge/fog and cloud computing [15,22]. Although cloud computing
has been a long-standing solution, it suffers from high latency [1] which
makes it less suitable for real-time applications [2]. Edge computing ad-
dresses this issue by deploying servers closer to the data source, thus
reducing latency [36]. Three-tier architectures utilize all layers of the
computing continuum [16,37], comprising end, edge, and cloud layers

[22]. These layers are typically defined by their computational capa-
bilities and proximity to the network edge. End devices, including IoT
devices, user equipment, robots, and vehicles, reside at the outermost
layer and are responsible for generating data and tasks. Edge servers and
devices constitute the middle layer, offering more resources than end de-
vices and lower latency compared to the cloud. Cloud servers, with the
highest resource capacity, make up the innermost layer. Additionally,
integrating cognitive computing into edge or cloud paradigms allows
systems to perceive their environment, learn from it, and dynamically
adjust workloads [17,18].

Specialized edge computing subsets have been developed for var-
ious networks. MEC, for example, is designed specifically for cellular
networks, where MEC servers are often deployed in mobile base sta-
tions [11]. VEC, an extension of MEC, deploys servers at Roadside Units
(RSUs) to process data generated by vehicles [12]. UAV and Satellite-
assisted MEC have gained attention in recent years, with MEC servers
deployed on UAVs [13] or satellites [14], making this approach effec-
tive for applications requiring mobile edge servers. A visualization of
the edge computing paradigms is presented in Fig. 2.

Across all computing paradigms, common requirements include min-
imizing latency (both transmission and computation), supporting device
mobility, managing distributed resources, ensuring scalability, maximiz-
ing QoS, and enhancing energy efficiency [5].

4.1.2. Vertical collaboration

Vertical collaboration involves inter-layer devices working together
to solve computational problems or share resources [5]. It shares simi-
larities with edge or cloud computing, as resource-rich servers in these
layers assist mobile devices. It is a prominent solution to accelerate com-
putation time when a mobile device lacks resources and computational
power.

4.1.3. Horizontal collaboration

Horizontal collaboration involves intra-layer devices cooperating
with each other [5]. This is often referred to asD2D or V2V offloading
[38-40]. In this article, intra-layer communication and cooperation are
termed P2P to include all edge computing networks. Horizontal collabo-
ration typically takes place between end devices, although some studies
extend it to the edge layer to balance workloads or relocate computation
closer to the end device after a change in its location [41,42]. End de-
vices share resources and assist each other when extremely low latency
is needed, facilitated by P2P connectivity.

Collaboration in this context is managed through an offloading strat-
egy, which determines which tasks to offload, to what device, and when.
The strategy can be controlled by a centralized server or individual de-
vices. A detailed description of offloading is provided in Section 4.3.

4.2. System modeling

In this section, we define common models for collaborative systems,
focusing on the system, energy, communication, task, computation, and
mobility models. These models are used to represent realistic aspects of
the system.
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4.2.1. System model

The system is described at a high level, including definitions of com-
puting layers, computing units, and the time model. The system is mod-
eled as a set of end devices, denoted as U = {u;,u,, ..., u,}, a set of edge
servers, denoted as € = {ey,e,, ..., ¢,}, and a cloud server C [43,44]. An-
other system model divides U into task devices and idle devices [44-46],
or treats all computing units as a single set [47]. The MEC model typ-
ically defines U as mobile devices or user equipment, with & deployed
at base stations [48-50]. In extensions like VEC, U represents vehicles,
and ¢ is deployed at cell towers or RSUs [51-53]. In this article, we use
the unified notations of U, &, and C for end devices, edge servers, and
the cloud server, respectively.

A discrete time-slotted model is commonly used to describe the oper-
ational timeline. The timeline is defined as = {¢|1, T} where each time
slot ¢ in 7 has a duration of A seconds [40,43,54,55]. Various actions can
occur during each time ¢, such as the movement of end devices [56], or
task generation [43,57]. Many studies consider the system to be quasi-
static within each time slot [40,56]. In this context, a quasi-static sce-
nario assumes stable channel states, device movement, or other dynamic
processes [56], though these conditions may change between time slots
[40,56]. The single-timescale model was extended to a dual-timescale
model in [47], where larger time scales are used for caching decisions
and smaller time scales are used for offloading decisions.

4.2.2. Communication model

The communication model describes the interaction and data ex-
change between devices, often including data transmission rate, pro-
tocol, and transmission time [6]. P2P and Peer-to-Infrastructure (P2I)
communications are typically modeled as a wireless link, while edge-to-
cloud communication is treated as a wired link. Various wireless pro-
tocols can be used for P2P and P2I connections, such as WiFi-Direct,
Long-Term Evolution (LTE), 5G, and 6G.

The transmission rate depends on factors like wireless channel band-
width, transmission power, distance between devices, and channel in-
terference. Using Shannon’s theory [58], the transmission rate between
devices ; and u; is given by:

Iy, () = Blogy(1 +6,,, (1)

where B is the bandwidth, and by, 2 (¢) is the signal-to-noise ratio (SNR),
computed as:

(K “Puju; |h“f’"1(1)|2 iy (t)_a)
5ui,uj (I) = N()

where K is a system constant, N, is the noise power, « is the path loss
exponent, p, is the transmission power, d,, , (¢) is the distance be-
tween devices, and hu,-,uj (¢) represents the channel fading [59]. SNR can
be also extended to signal-to-interference-plus-noise ratio (SINR) [60].

The total transmission latency is calculated as:
V; O;
(l) —_ 1 1

= +
w0 T @ Ty @)

where V; is the task size, and O is the output size. Transmission time in
wired channels is typically neglected due to their wide bandwidth and
minimal latency [6].

4.2.3. Task model

A task is a computational unit executed remotely as part of an ap-
plication component. Tasks may be independent or part of a workflow
[24]. Several task models have been proposed. The two-tuple model rep-
resents a task with two components: K; = {V;,Y;}, where V; is the task
size and Y; is the Central Processing Unit (CPU) cycles per unit of data
[41,49,51]. The tripartite model, often used in VEC and MEC, represents
tasks as K; = (V;,Y;, D!"*¥), adding D!"** for maximum tolerable delay
[10,59,61-63]. Some studies use a variant where tasks are modeled as
K; = (V,,Y,;, 0)), with O, representing output size in Kbs. The quadruple
model combines these components into K; = (V;,Y;, O;, D"*) [64-66].
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More complex task models have been proposed. In [67], tasks are
represented by K; = (V;,0,,Y;, B, B4, D), where B* and BY rep-
resent the required cellular traffic. In Directed Acyclic Graph (DAG)
based models, tasks are represented by DAG G = (S, F), where S is the
set of subtasks and F is the set of data dependencies between them
[8,68,69]. Deep Neural Network (DNN) offloading tasks are modeled as
T, = (v, pp» DI'™), where v, is the input data size, p, is the inference
workload, and D7 is the latency requirement [9].

Tasks can have varying priorities depending on the application
context, system requirements, and offloading objectives. Priorities can
guide resource allocation by allocating more resources on high priority
tasks [67], influence task scheduling [45], affect ordering and queueing
[40], or determine an offloading target device [40,70]. At the appli-
cation level, priority may be defined by the urgency of the task. For
example, in medical applications, the importance of subtasks can vary
depending on a patient’s medical history [71], while in autonomous
driving, safety-critical tasks are typically prioritized over entertainment-
related functions [72]. Commonly used methods for assigning priority
is based on task deadlines [40,45,67,72], computational requirements
[73], and cost [74]. Another widely used approach is structural prior-
ity in workflows, where precursor tasks must be completed before their
dependent tasks [71,75]. These priority schemes are typically static and
predefined, making them straightforward to implement but may be in-
sufficient for addressing the challenges of dynamic environments.

In more advanced approaches, task priority is expressed as a util-
ity function, which is optimized instead of directly optimizing specific
metrics such as task delay [72]. Furthermore, a multi-layer DRL-based
framework has been employed to learn task priorities dynamically and
schedule them based on their learned levels of importance, distinguish-
ing between high- and low-priority tasks[40].

4.2.4. Computation model

The computation model defines available computation modes, such
as local, P2P, edge, Edge-to-Edge (E2E), and cloud. In other words, it
defines where the computation is performed. The most common modes
are vertical offloading (edge, cloud) and P2P from horizontal offloading.
Some studies extend horizontal offloading into E2E [41,42]. Computa-
tion models typically describe computational time, energy consumption,
and constraints. In this section, simplified computation models are pre-
sented.

Local computation time is given by ¢/ = %, where ¢; is the de-

vice’s computing capacity and Y; the CPU cycles pér unit of data. Energy
consumption is defined as E!**“ = x, H,Y;, where H; is the energy con-
sumption per CPU cycle and k, is the energy coefficient, which depends
on the chip structure [49]. When offloading tasks to another device,
transmission time must be factored into the total latency. Then, the to-
tal latency between u; and u; is given by Loy = by, O + ctﬁ“"’ when
offloading a task from ; to u;. Total energy consumption is then calcu-
lated as:

Uy

E , = E;l_,uj ) + E;’_’uj(t) + E;.”C”’ + E;j’u’ o+ E;M_(z)

Vi _pt is the energy to offload a task, E"(r) =
Ty @) Hiollj

where E'(f) =
Y pr
Ly @)t
perform the task. P is the transmission power constant.

For multi-hop offloading, the total latency is the sum of transmission
latencies from device ; to u; through intermediate nodes u;:

is the energy to receive a task, and EJI.“"“I is the energy to

j-1
_ local
L”i'“j - Z L, it o+ ct;

=i
and the total energy consumption:

j-1 i-1
E"n”/ = Z(E;kvukﬂ o+ E':ks“kﬂ ®)+ E;aca[ + (E,
ey

Ui+ 1
k=i =J

"+ E’

Ui+l

)
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The computing model also establishes constraints, including max-
imum delay tolerance, transmission power, energy consumption, and
computational capacity.

4.2.5. Mobility model

Previous surveys have reviewed various mobility models used in
task offloading and service placement in MEC systems. In a survey on
mobility-aware offloading [19], the authors discussed mobility models,
including stochastic models and random walk. Mobility can be modeled
with time slot structures, where users’ positions are fixed within each
time slot but change randomly between slots [45]. Vehicles are often
modeled based on their relative positions and velocities with respect
to the RSU, where the maximum communication time is derived from
their remaining distance [63]. Some works assume mobility follows a
Gauss-Markov process to generate trajectories [76], while others use
synchronized random walk models to simulate vehicle distribution and
speeds [77]. Real-world mobility datasets are a common way to simu-
late mobility of device. Datasets have been collected from many cities,
such as Cretey, France [56], GAIA dataset from Xi’an China [78], and
Chengdu, China [59]. More mobility datasets from different domains
can be found from [79]. The ONE simulator [80] is also used to capture
real-world mobility patterns in network simulations [81]. For vehicle
mobility, kinematic models update positions using velocity and acceler-
ation data [60]. Mobility models can be deployed to synthetic environ-
ments or real-world mobility simulations, such as those developed using
SUMO [57].

4.3. Overview of computation offloading

Offloading refers to the transfer of data, including application code,
processes, or requests, from one device to another. This section covers
the fundamentals of computation offloading, focusing on how offload-
ing problems are formulated, the objectives it aims to achieve, and the
proposed approaches for solving the problem.

4.3.1. Problem formulation

Task offloading is typically framed as an optimization problem. It can
be expressed as a constrained single-objective [81] or multi-objective
optimization problem [46]. Often, multi-objective problems are trans-
formed into a single-objective by combining objectives into a single
weighted function [41,45]. Various joint optimization problems have
been explored, such as task offloading [46], resource allocation [46],
power allocation [82], resource scheduling [83], and communication
decisions [47]. Hard constraints are typically application-specific and
include limitations such as latency bounds [41,65], bandwidth and com-
putational capacity limits [41,57,65], energy constraints [69], and the
requirement to select exactly one offloading mode [57,84].

Task offloading optimization problem is often NP-hard [10,45,52,60,
85,86]. One common formulation is Mixed-Integer Nonlinear Program-
ming (MINLP) [10,60,84,85], which involves both integer and contin-
uous decision variables with nonlinear objective functions and/or con-
straints. Several optimization problem types are found in the literature,
including stochastic [38,87], long-term [40], multi-slot stochastic [57],
nonlinear integer programming (NIP) [39,82], and integer program-
ming [69], all of which are NP-hard.

4.3.2. Optimization objectives

Numerous objectives have been proposed, including minimizing en-
ergy consumption [62,88], latency [46,68,69], task completion time
[43,52], reliability [89], throughput [68], computing resources [46,86,
90], transmission rate [85], computation rate [42,59,91], social trust
[71, satisfaction [8], and cost [38,65,66,78,92]. Cost may include vari-
ous metrics, such as communication cost [92], energy consumption cost
[48,49], and processor utilization cost [92]. Common objectives in joint
optimization with task offloading include energy consumption [69,87]
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and resource allocation [64,90,93]. In UAV-MEC networks, the UAV tra-
jectory is often optimized jointly with other objectives [57]. These objec-
tives can sometimes be conflicting, requiring a trade-off. For example,
in the relationship between energy consumption and latency, increas-
ing transmission power can reduce latency but simultaneously lead to
higher energy consumption [60].

4.3.3. Task offloading approaches

A range of methods have been proposed to address the offloading op-
timization problem. In this article, we classify these methods into four
categories: classical, heuristic, metaheuristic, and machine learning-
based approaches. Often, these approaches integrate methods from dif-
ferent categories into a unified framework. In this work, we classify the
approaches based on the technique employed to solve the task offload-
ing problem.

Classical methods are well-established, deterministic approaches that
guarantee optimal solutions for convex problems. However, as offload-
ing is a complex, often NP-hard problem, it poses significant challenges
in terms of computational feasibility. To overcome this, the original
problem is typically decomposed or transformed into more manageable
subproblems. These subproblems can be solved either iteratively [91]
or sequentially [38,60]. Key techniques in classical methods include
Dynamic Programming (DP) [89], the Alternating Direction Method of
Multipliers (ADMM) [49,60,94], Lyapunov optimization [38,82], and
the Karush-Kuhn-Tucker method (KKT) [7]. These methods are com-
monly applied in less complex collaborative systems [5].

Heuristic methods are problem-specific strategies based on practical
experience or domain knowledge. While they do not guarantee opti-
mal solutions, they provide practical approximations quickly. Similar
to classical approaches, the original problem is often transformed into
subproblems which are solved by heuristic methods [7,67,84]. Common
heuristic methods include greedy algorithms [59], matching-based ap-
proaches [67,81,90], and search methods [9,62].

Metaheuristic methods, which have gained increasing popularity, can
be applied to a broad range of optimization problems. Unlike heuris-
tic methods, they offer a generalizable framework that is not tailored
to a specific problem. They are particularly suited for large-scale and
complex issues, though they may require longer solution times. Com-
mon metaheuristic methods include game theory [8,44], and nature-
inspired methods, such as Particle Swarm Optimization (PSO) [39,52],
Genetic Algorithms (GA) [61,95], and Ant Colony Optimization (ACO)
[10,63,64].

Machine learning methods have been applied to various problems
with promising results, especially in complex and dynamic environ-
ments, making them popular especially in VEC networks. The optimiza-
tion problem can be reformulated as a Markov Decision Process (MDP)
and solved using RL and DRL methods. DRL methods are adaptable to
various problems, especially those involving uncertainty or incomplete
information, though they may require large datasets and long training
times, and their solutions may lack interpretability. Common algorithms
include Q-learning [55], Deep Q-learning (DQN) [56,86], Deep Deter-
ministic Policy Gradient (DDPG) [47,53], Dueling and Double DQN
(D3QN) [40], and Proximal policy optimization (PPO) [42]. MARL ex-
tends RL methods to multiple agents, such as Multi Agent DDPG (MAD-
DPQG) [57]. For more detailed coverage of RL methods in offloading, see
[28-30].

Offloading approaches can be further categorized into centralized,
decentralized, and distributed methods. The optimization problem can
either be formulated as a global problem, where the dynamics of the en-
tire system are optimized, or as a local problem, where the dynamics of
individual agents are optimized. Methods that address global optimiza-
tion problems within a central unit and have access to complete sys-
tem information, are classified as centralized approaches [10,52]. Some
methods traditionally regarded as distributed are classified as central-
ized when implemented in a centralized manner. In contrast, if a global
optimization problem is solved by aggregating results of local actions, it



J. Kalliola, J.J. Jung and D. Hdstbacka

is classified as distributed. For instance, PSO and ACO are examples of
distributed methods used to solve global optimization problems [39,63].
Decentralized approaches, on the other hand, are deployed on individual
agents to solve local optimization problems without any central coordi-
nation. In this article, decentralized methods refer to those where the
optimization problem is solved on each end device, rather than at the
edge layer, as tasks are generated by the end devices. RL often combines
both paradigms, with centralized training followed by decentralized in-
ference [96].

5. Task offloading approaches in collaborative computing:
Categorization and comparison

This section describes the collaborative systems and task offload-
ing approaches proposed in the selected studies. The works are cate-
gorized by offloading approach and further analyzed according to sys-
tem architecture, collaborative characteristics, offloading dynamics, and
evaluation methodology, with a summary of the findings provided af-
terward. Due to the large number of comparison methods and unique
acronyms/abbreviations (103 in total) presented in Tables 2-5, the full
names have been omitted for clarity. Readers are kindly referred to the
original sources for detailed explanations.

5.1. Classical approaches

Various classical methods have been proposed to address the task
offloading problem, including Lyapunov optimization [38,82,87], KKT
method [88], Lagrange duality [91], Lagrange multipliers [60], Gradi-
ent sampling [97], DP [89], and the Gauss-Seidel method [82]. Some
studies have proposed hybrid algorithms combining multiple tech-
niques. For instance, the UATO algorithm, based on Lyapunov optimiza-
tion, uses the Gauss-Seidel method to solve user association and power
allocation [82]. Similarly, the Steerable Eonomic ExPense (SEEP) algo-
rithm, proposed in [38], utilizes Lyapunov optimization and iterative
algorithms to solve subproblems with closed-form solutions.

Many studies focus on joint optimization, where task offloading is
optimized alongside other factors such as resource allocation [38,91],
power control [60], and energy transmission [91]. These joint optimiza-
tion problems are often decomposed into separate subproblems, which
are solved iteratively [91] or sequentially [38,60] using various tech-
niques. Common optimization objectives include minimizing cost [97],
energy consumption [49,60,87,88], and latency [60].

Several studies adopt a centralized approach to solve the offloading
problem [82,87,88,91]. In contrast, the ADMM distributed optimization
method, which decomposes the global problem into smaller subprob-
lems that each node can independently solve, has been used in [49,60].
Furthermore, some works formulate the problem as a local optimization
task, or task assignment is decided on the agent-level in a decentralized
manner [38]. A summary of the approaches, objectives, and methods
for comparative evaluation is provided in Table 2.

These approaches are typically applied in relatively simple MEC and
VEC systems, where task offloading occurs primarily between end de-
vices. Among the reviewed works, only [99] considers a UAV-MEC sce-
nario. Some works extend the approach to vertical offloading, incor-
porating edge servers [49,60,87]. In VEC systems, these methods are
also extended to handle more complex scenarios [60,89]. However,
classical approaches tend to overlook complex intra-layer dynamics,
such as task dependencies, multi-hop offloading, and mobility. While
some studies consider mobility [60,82,89], and multiple network hops
[89,971, only one study considered dependent tasks [98], as reflected in
Table 6. Evaluation of these methods typically involves numerical sim-
ulations, using tools like MATLAB [87] and Python [60], with environ-
ments ranging from small-scale simulations involving 14-60 end devices
[60,82,87,88,91,97] to larger-scale simulations with up to 200 end de-
vices [49], as illustrated in Fig. 4. In [98], the authors developed a hy-
brid evaluation platform that combined real devices, such as Raspberry
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Pis and Jetson Nanos, with the CARLA simulation environment and
datasets covering scenarios ranging from surveillance to traffic. Many
approaches were compared to methods with limited capabilities, such
as those relying solely on local computing [49,91] or optimizing only a
subset of the problem [38].

5.2. Heuristic approaches

Heuristic methods for task offloading involve strategies that use
problem-specific rules or domain knowledge to quickly find practi-
cal solutions, although these solutions may not be optimal. Common
heuristic methods include greedy algorithms [59], Monte Carlo tree
search [69], graph-based approaches [71], and matching-based meth-
ods [7,50,67,81,90]. Some studies propose hybrid approaches that com-
bine multiple methods. For instance, the authors in [84] introduce JORA
scheme, where the problem is decomposed into three subproblems and
solved using an iteration-based algorithm and a game theory-based dis-
tributed algorithm. Similarly, Cui et al. [65] proposes the ICCRA system,
which uses a heuristic algorithm for vehicle selection, while resource al-
location is addressed through reinforcement learning.

Heuristic methods commonly address joint optimization problems.
Common joint optimization challenges included resource allocation
[9,46,65,84,90,108], task partitioning [68], and task assignment [69].
The typical optimization objectives in this category are energy con-
sumption [7,9,62,67,69,81,84,108], latency [46,65,68,69,84], and cost
[50,71,84,92]. Some works also consider trade-offs [84] and propose
novel objectives, such as social trust [7]. A summary of the approaches
is provided in the Table 3.

Approximately half of the methods in this category utilize a central-
ized approach to solve the optimization problem. In decentralized meth-
ods, the objective function is formulated at the agent level [46,71,108],
with each agent making offloading decisions based on local information
[59,65]. Distributed methods, on the other hand, apply game-theoretical
[84] and pricing-based [7] approaches, where each agent participates
in solving the global optimization problem.

Heuristic methods are widely applied in more complex MEC and VEC
systems, and one study focusing on UAV-MEC [46]. Most approaches
in this category involve vertical offloading between end devices and
edge servers, with a few works extending collaboration to the cloud
[65,67,84]. Notably, in [65] full computing continuum is utilized, en-
abling horizontal offloading in both the end and edge layers. These
methods also address more complex intra-layer dynamics, such as mobil-
ity, multi-hop networks, and task dependency [68,69,90,92], as shown
in the Table 6.

Evaluation is primarily conducted through numerical simulations,
with environments typically involving 4-100 end devices. Some works
use larger-scale simulations with 300 [50], 500 [90], and 1000 end de-
vices [81] in MEC systems and 140 end devices [59] in VEC systems.
Some studies incorporate simulators for more realistic evaluation like Si-
muLTE [126] in [67] and ONE [80] in [81]. Numerical simulations were
supplemented with a real-life mobility dataset [59], where the authors
utilized 180 vehicular trajectories from 2014 in downtown Chengdu,
China.

5.3. Metaheuristic approaches

Metaheuristic methods have gained significant popularity in re-
cent years due to their ability to address more complex optimization
problems that arise in collaborative task offloading. Nature-inspired
approaches, such as swarm intelligence and evolutionary algorithms,
are dominant in this category. Swarm intelligence methods like ACO
[10,63,64], PSO [39,52,115], and Artificial Bee Colony (ABC) [45]
are commonly used, along with evolutionary algorithms such as GA
[95,121], Cuckoo-search [125], and Biogeography-based Optimization
(BBO) [51]. Also, game-theoretical methods have been proposed [8,44].
Swarm intelligence methods are inherently decentralized or distributed
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Table 2

Classical approaches.
Computing Algorithm Optimization Objective Comparison
mode method

[82] 2017 MEC Local, D2D UATO Algorithm based on Task offloading, transmit power  Time-averaged network power -
Lyapunov optimization. allocation, D2D user association  consumption minimization
Gauss-seidel method for user
association and power allocation.

[88] 2018 MEC Local, D2D An energy-efficient task Task offloading Maximize the energy efficiency ETO; EETO
scheduling (MEETS) algorithm.
KKT to solve offloading problem.

[38] 2018 MEC Local, D2D SEEP Algorithm based on Task offloading, resource Minimize the average expenses of OT; JOSP
Lyapunov optimization. Power allocation mobile devices
allocation: iterative algorithm.

Task scheduling, subcarrier
assignment: closed forms.

[91] 2019 MEC Local, D2D Alternating-optimization-based Task offloading, resource Maximize the sum computation Local; Uniform
approach. User-helper pairing via allocation, energy transmit rate beamforming
exhaustive search and
Greedy-Based pairing.

[49] 2023 MEC Local, D2D, Edge = ADMM-based Offloading and Task offloading, Resource Minimize the overhead of the Random; Distance-based
Resource Allocation Algorithm allocation energy consumption and resource

cost

[87]1 2024 MEC Local, D2D, Edge A Lyapunov based resource Task offloading, green energy Minimize energy consumption, LRE; ESE; RDE
allocation and offloading scheduling decisions execution latency, and energy
(LMDRACO) algorithm; waste
Submodular methods and convex
decomposition to solve
subproblems.

[97]1 2024 MEC Local, D2D A nested-loop algorithm & a Workload allocation, Routing Minimize cost, maximize the total SGP
single-loop algorithm using the network utility
tools of gradient sampling and
online mirror descent.

[89] 2021 VEC Local, V2V Reliability-Oriented Offloading Task offloading Maximize reliability Random; Dynamic;
using Dynamic programming Uniform1-2; DP
method

[60] 2022 VEC Local, V2V, Edge  Offload decision by ADMM, Task offloading, resource Trade-off between energy Greedy Approach;
Resource allocation by dual allocation, power control consumption and latency Exhaustive Search;
decomposition with duality and Centralized
subgradient methods, Power
control with Lagrangian
multiplier method.

[98] 2025 VEC Local, V2V, Edge  Offloading and partition Task offloading, task partitioning Minimize the completion latency Local; Edge; Neuro;
algorithm based on the HLPP and energy consumption DADS

[99] 2025 UAV-MEC Local, D2D, Edge  An iterative algorithm based on  Task offloading, caching, UAV Minimize system average latency UAV-only; CFS; NDO;

penalty successive convex
approximation (P-SCA) and

trajectory planning, resource
allocation

for task completion

CTS; RCA

Lagrangian duality

[39,44,45,48,51,63], with some methods implemented in central man-
ner [10,52]. In centralized methods, the edge node acts as a global
controller to allocate tasks across the network [52,64,115]. Other
centralized methods include GA [95,121] and Simulated Annealing-
based ANSSA [93]. Joint optimization problems in this category in-
volve resource allocation [10,51,61,63,64,93], task partitioning [39],
and matching decisions [51]. Common optimization objectives include
energy consumption [10,44,45,51,63,64,93,115], latency [39,44,45,51,
95], and cost [61,93]. In [8], the authors proposed a novel satisfaction-
based objective. A summary of the approaches is provided in the Table 4.

Metaheuristic methods are typically used in more complex collab-
orative systems, including both end and edge-layer horizontal offload-
ing along with vertical offloading. These methods also address intra-
layer dynamics, such as multi-hop offloading and task dependency. Task
dependency in workflow applications are often modeled using DAGs
[8,45]. These methods were primarily evaluated using numerical sim-
ulations, which were implemented using MATLAB [45,51,64,93] or
Python [8,10]. Many studies also incorporated mobility datasets [44,61]

and device capability data [64,93], including parameters such as chan-
nel gain, computing power, and task data size. Utilized mobility datasets
include the HighD dataset [61] and a variety of datasets from the cities
of Melbourne, Shanghai, and Darmstadt as presented in [44]. TGFF
was employed to generate workflow applications to simulate task de-
pendency [44,115]. Large-scale simulation environments were used for
evaluation, with up to 1000 end devices in MEC systems [48,115] and
100 end devices in VEC systems [52].

5.4. Machine learning approaches

Machine learning, especially RL and DRL, has become one of the
leading methods for addressing task offloading problems. The offload-
ing problem is reformulated as MDP and solved using a RL approach.
A wide variety of RL methods have been proposed, such as Q-learning
[55], DON [56,66,78,86,142], Double DON (DDQN) [144], D3QN [40],
DDPG [47,53], PPO [42,85], and Asynchronous Advantage Actor-Critic
(A3C) based algorithm [130]. An example DRL schematic is shown in
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Table 3
Heuristic-based methods.
Computing  Algorithm Optimization Objective Comparison
mode method
[81] 2017 MEC Local, D2D A graph-matching-based optimal ~ Task assignment Minimize the overall energy Greedy; Reciprocal;
task assignment policy consumption of the task Random
executions
[90] 2018 MEC Local, D2D, A socially-aware cooperative Task offloading, Resource Minimize the system overhead Socially-Oblivious;
Edge, cloud offloading algorithm: a allocation Cloud; Local
minimum-weight bipartite
perfect matching
[84] 2019 MEC Local, D2D, JORA scheme. RA solved by Task offloading, Resource Minimize the system cost; a DCOA [100]; RND; MEC
Edge, Cloud Iteration-based algorithm. allocation trade-off between task processing W. Local [101]; MEC W.
Offloading mode selection by delay and energy consumption D2D [94]
distributed joint optimization
with game theory adaptation.
[50] 2019 MEC Local, D2D A Stackelberg game based Task offloading Maximize utility function based =~ Greedy match; Random
incentive mechanism and optimal on resource price fixed price
task assignment with a
graph-based algorithm
[69] 2020 MEC Local, D2D, SAHCO framework. TA-MCTS for Task offloading, task assignment = Minimize energy consumption EOS; RCAS;
Edge task assignment and delay TA-MCTS/SA; MWBMS
[67] 2020 MEC Local, D2D, Energy efficient and delay-aware Task offloading Minimize the energy MEC selective [102];
Edge, Cloud offloading scheme (EEDOS). consumption D2D crowd [103]
Offloading decision by maximum
matching with minimum cost
graph algorithm
[71 2022 MEC Local, D2D, The Lyapunov-based problem Task offloading Minimize energy consumption Four heuristic methods
Edge transformation. Short-term and maximize social trust
problems solved by the KKT
method and a pricing-based
matching algorithm
[9] 2023 MEC Local, D2D, Two-level optimization Task offloading, Resource Minimize energy consumption GA [104]; ABAA; EOA;
Edge algorithm. TO: Heuristic, RA: a allocation NDA
subgradient based algorithm.
[71] 2024 MEC Local, D2D  DCO-HM framework. DAG-based  Task offloading Optimize the collaborative PADGTO [105]; DTOA
offloading algorithm. system cost [106]
[92] 2020 VEC Local, V2V,  Mobility-Aware partial (MAP) Partial task offloading Minimize total cost Conventional partial;
Edge task offloading algorithm MEC partial offloading
[107]
[65] 2021 VEC Local, V2V, ICCRA system. KNN for layer Task offloading, resource Minimize latency and Local; Edge; Random
Edge, Cloud selection, Heuristic for allocation transmission rates
collaborative vehicle selection.
Resource allocation solved by
multi-objective RL.
[62] 2021 VEC Local, V2V, A multi task offload strategy. Task offloading Reduce energy consumption Local; no priority
Edge Search-based method.
[59] 2021 VEC Local, V2V, A real-time distributed strategy Multi-period task offloading Maximize the sum computation Cent. & Dist. Heuristic;
Edge (RtDS). Decision-making by rate RtDS-maxD
dynamic programming-based
method and a
minimum-delay-greedy method.
[68] 2022 VEC Local, V2V,  Application-centric offloading Task offloading, Task partitioning Throughput, execution time No partitioning methods
Edge framework based on application
partitioning.
[108] 2024 VEC Local, V2V NOMA with a multitask Task offloading and resource Energy efficiency OMA; NOMA; NOMA
offloading model using Optimal allocation with SIC
Stopping Theory (OST)
[46] 2024 UAV-MEC Local, D2D, Alternately iterating subproblems Task offloading, resource Minimize the average computing Average
UAV (RA, TO) solved by KKT allocation resources, and maximum delay

Fig. 3. Additionally, MARL approaches have been explored to address
task offloading problems [57,85], such as MADDPG in [57]. Both DRL
and MARL methods have been further improved through the use of
attention mechanisms, which help address uncertainty [70,135], and
accelerate convergence [135]. Beyond these, recent studies have in-
vestigated the potential of Graph Neural Networks (GNN) [146] and

Graph Reinforcement Learning (GRL) [134], where network topologies
are modeled as graphs, with edges representing connections and nodes
encoding the state information of computational units.

The design of the RL method determines whether it is centralized or
decentralized. In many cases, training involves some degree of central-
ization, where data is exchanged between agents to refine the model.
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Table 4

Metaheuristic methods.
Computing Algorithm Optimization Objective Comparison
mode method

[64] 2020 MEC Local, D2D, Edge A bilevel optimization method Task offloading, Resource Minimize the total energy Local; MEC-C; CC
that integrates Ant Colony allocation consumption
Algorithm

[48] 2021 MEC Local, D2D, Edge A stackelberg game embedded Task offloading, D2D Optimize the longterm utility: Constant PO; Adapted
into Lyapunov optimization for collaboration average profit and processing PO
task offloading. Mean field model cost.
for D2D collaboration.

[93] 2022 MEC Local, D2D, Edge  An adaptive neighborhood search Task offloading, resource Minimize the sum of calculation ~ BIJOR [109]; IANSSA
based on simulated annealing allocation costs and energy consumption
algorithm (ANSSA) for joint
optimization

[8] 2022 MEC Local, D2D Game theory based workflow Task offloading Maximize satisfactory, defined as DCL [110]; BR [111]; TS
offloading strategy with no-regret deadline, budget, reward, and [112]; PSO [113];
dynamics reliability

[44] 2022 MEC Local, D2D, Edge, Distributed Game-Theoretical Task offloading Each user minimize latency and =~ BRUO; BUAU; COTO;

Cloud Offloading Algorithm energy RTO [114]

[95] 2023 MEC Local, D2D, Edge  An improved GA for distributed  Task offloading Minimize task completion delay ~ Local; D2D-Fogging;
multi-hop offloading Min-Min Algorithm

[115] 2024 MEC Local, D2D, Edge  Incremental control and swarm Task offloading Minimizing the whole energy ELYO [116]; ELDM
intelligence-based techniques for dissipation of end devices [117]; ELGT [118]; ERPS
task offloading [119]; EILP

[45] 2024 MEC Local, D2D, Edge  HEFT algorithm for dependent Task offloading Minimize all request users’ delay  DE; GA; ABC; AWPSO;
task scheduling. A Hybrid and energy consumption RWOA
artificial bee algorithm for
offloading.

[39] 2024 MEC Local, D2D, Edge  PSO algorithm for scheduling Task partitioning, task scheduling Minimize the sum of all task noD2D; G-PSO; R-PSO
decisions, DP algorithm to find devices’ maximum latency
the optimal partition

[10] 2024 MEC Local, D2D, Edge  Two-level alternating Task offloading, resource Minimize the energy ACO-AC; OMA; BOA;
optimization framework: ACO for allocation consumption of the entire WGC; LE
population of offloading end-devices
decisions, and DDPG for optimal
decision.

[120] 2025 MEC Local, D2D, Edge = HAJTORA: the improved Task offloading, Resource Minimize the total system cost Local; D2D Disabled;
AL-SHADE algorithm with allocation Random
mathematical methods

[121] 2025 MEC Local, D2D, Edge  IGA-DDPG: a two-level Task offloading, Resource Minimize the total system cost IGWO; PNCM; binary;
optimization model based on allocation Local
Improved GA and DDPG

[51] 2023 VEC Local, D2D One-to-many matching by an Matching decisions, resource Minimize the latency, and the FLCS; FOS
improved BBO (IBBO), allocation energy consumption
low-complexity method for
one-to-one matching.

[61] 2023 VEC Local, V2V BENEFIT. Domain Generalization Task offloading, Resource Minimize task completion cost of Local; Greedy; GA
for trajectory prediction. allocation all vehicles
Enhanced Non-Uniform genetic
algorithm for offloading
decisions.

[52] 2023 VEC Local, V2V, Edge, IoVTA-IQPSO, Quantum PSO Task allocation Maximize task completion utility =~ Greedy algorithm;

Cloud algorithm common PSO

[63] 2024 VEC Local, V2V, Edge  EJSOC scheme. Consists Ant Task offloading, Resource Minimize energy consumption COO [122]; RCO [123];
colony selection for selection allocation EON; FCR [124]
decision, and Lagrange
multipliers and gradient methods
for resource allocation.

[125] 2025 VEC Local, V2V, Edge  An improved discrete Cuckoo Task scheduling, Cache updating Maximize the offloading DTOSC; TO-V2I; To-w.o

search algorithm

efficiency

-R; To-w.o -C

However, after training, the model can be deployed in a decentralized
manner, with each agent making decisions based on its local informa-
tion. In certain cases, the optimization function, and MDP, is designed
to optimize a global objective, which necessitates a centralized view of
the system [41,43,47,53,78,142,144]. Additionally, in [77] the authors
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proposed distributed adaptive task offloading framework using RL. A
summary of the algorithms is provided in Table 5.

Machine learning methods have been applied primarily in VEC sys-
tems, although some studies also explore MEC. In [57], task offloading
problem in UAV-assisted VEC (UAV-VEC), where vehicles, edge servers,
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Table 5
Machine learning methods.
Computing Algorithm Optimization Objective Comparison
mode method
[55] 2022 MEC Local, D2D Q-learning for offloading and Task offloading, resource Trade-off between system Local; Greedy offloading
resource management. management operation cost and task execution
time
[54] 2023 MEC Local, D2D, Edge  Attention Communication Deep Task offloading Minimize long-term delay MADDPG[127];
Reinforcement Learning (ACDRL) MAAC-based [128]; DQN
for offloading decisions [129]
[130] 2023 MEC Local, D2D, Edge A swap-matching-based Task offloading, subchannel Minimize execution latency and ~ DQN [131];
algorithm for optimal subchannel allocation, power control, energy consumption while (DPPO)?-based [132]
allocation, A3C algorithm to resource allocation guaranteeing the secrecy
optimize the rest of the resource
variables.
[42] 2024 MEC Local, D2D, Edge  PPO algorithm for offloading and Task offloading, resource Minimize task execution time and Random; DQN [133];
resource allocation allocation energy consumption A2C; PPO
[41] 2024 MEC Local, D2D, Edge, DJTRA algorithm; an SD3-based  Task offloading, transmission Minimize the total system cost DTOD; EECD; CPRAD;
cloud method for task offloading. power allocation, resource considering the time and energy = CMRAD
Various numerical methods for allocation consumption
others.
[70] 2024 MEC Local, D2D, Edge = DMOEA: DRL with entropy and Task offloading Minimize the total latency of all ~ Local; Edge; DQNCCO;
attention mechanism, multi-actor tasks SAC-CO
single-critic structure
[134] 2024 MEC Local, D2D, Edge = GCTO: A collaborative task Task offloading Minimize average energy Local; Random; ETOS;
offloading scheme based on GRL consumption SAC-CO
[75] 2025 MEC Local, D2D, Edge, RASO: A redundancy-aware Task offloading Minimize the total time delay and TOERT; BR-DMCTO;
Cloud adaptive search offloading based energy consumption SDTO; COFE; OSTTD
on DQN
[135] 2025 MEC Local, D2D, Edge  An attention-enhanced MADDPG  Task offloading Maximize the offloading benefit =~ MEC only; D2D only
(AT-MADDPG)
[78] 2020 VEC Local, V2V, Edge  Data scheduling solved by DQN Data scheduling Minimize the system-wide data Local; RSU; No collab.
algorithm. processing cost
[85] 2021 VEC Local, V2V MARL framework with new Task offloading, power Maximies QOE, expressed as Single-agent;
reward function. V2V policy allocation, spectrum reuse delay and data rate. Max-throughput; DQN
learned by PPO.
[86] 2021 VEC Local, V2V, Edge  DQN Task offloading, caching Minimize system overhead Full Local; Full Offload
decisions, resource allocation
[56] 2021 VEC Local, V2V, Edge  DQN based on Simulated Task offloading Minimize failure rate and the Local; Edge; V2V; Sarsa;
Annealing (SA-DQN) algorithm total energy consumption Q-learning
[53] 2022 VEC Local, V2V, Edge = DDPG-OCWB algorithm for task  Task offloading, task caching, Minimize the system cost (i.e., NoRP [136]; DGO; NoRC
offloading/caching and bandwidth allocation system delay) [137]; NoCV [138]
bandwidth allocation
[77] 2022 VEC Local, V2V Adaptive task offloading Task assignment Minimize offloading delay for RWA [139]; UCB [140];
framework with reward-based task set ALTO [141]
offloading scheme
[142] 2022 VEC Local, V2V, Edge A hybrid task offloading scheme  Task offloading Jointly optimize the delay and Local; single scenario;
(HyTOS). DQN for optimal energy consumption GT-hybrid [143]
offloading decision-making.
[43] 2023 VEC Local, V2V, Edge, ORAD algorithm, based on the Task offloading, resource Maximize the success rate of task Local; V2V; V2I; Greedy
Cloud DDPG Allocation offloads strategy; Random;
Probabilistic; PPO
[144] 2024 VEC Local, V2V, Edge, Graph Convolutional Networks Task offloading Maximize resource utilization, DDQN; DQN; Q-learning;
Cloud with Double-DQN while minimizing costs Local
[66] 2024 VEC Local, V2V, Edge, DQN-algorithm for optimal Task offloading, resource Minimize the system’s total cost ~ Local; MEC; LMC;
Cloud offloading decision-making allocation Random
[40] 2024 VEC Local, V2V, Edge, A multi-layer DRL based Task offloading, task scheduling, ~Optimize latency and energy LBA; RBA; GBA; SLDBA;
cloud approach; D3QN for offloading resource allocation consumption MLDBA
decision, PDQN for scheduling,
classical optimization for
resource allocation.
[145] 2024 VEC Local, V2V, Edge  Sensing-aware Joint service node Task offloading, resource Minimize the total system cost TD3-Vanilla; The

Auction Offloading (SJAO)
scheme. A DT-enhanced Twin
Delayed Deep Deterministic
Policy Gradient Perception
Offloading (TD3PO) algorithm

allocation

Auction-Classic;
Random-BL
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Table 5
Continued...
Computing Algorithm Optimization Objective Comparison
mode method
[146] 2024 VEC Local, V2V Vehicular FedGNN: Federated Task offloading Minimize the weighted latency Non Edge; Non FL; Non
Graph Neural Network (GNN) FL&Edge; FedGCN
based offloading mechanism
[47] 2025 VEC Local, V2V, Edge, MCCO-RAA. Two-tier Iterative Task offloading, resource Minimize overall processing COF-MMR [147];
Cloud Scheme Based on DDPG and allocation, cache placement, latency LRU-GOP; LRU-AOESP;
Cooperative Game Theory to communication decision LRU-AOCSP; Hybrid-LCP
determine offloading decisions.
[148] 2025 VEC Local, V2V, Edge = PORA-MATD3: MATD3-based Task offloading, resource Minimize the delay and energy DDPG; DQN; Local; All
strategy for optimal performance allocation consumption of task computation MEC
and TMS to handle short-term
fluctuations.
[149] 2025 VEC Local, V2V, Edge  An asynchronous advantage Task offloading, resource Minimize the overall energy MOCIG; DQN-hybrid
actor-critic algorithm management consumption
[150] 2025 VEC Local, V2V, Edge A DRL approach based on the Task scheduling Minimize the total service cost DQN; DDQN
Rainbow algorithm
[57] 2024 VEC-UAV  Local, V2V, UAV, UA-MADDPG: MADDPG for Task offloading, resource Minimize the weighted system W/0O UAV trajectory
Edge offlaoding decision, uav flight allocation, UAV trajectory cost of energy consumption and  opt.; W/O Spectrum
trajectory, and spectrum resource delay allocation; W/O Comp.
allocation. GBCRA: resource Allocation; DQN; DDQN
allocation based on greedy
algorithm.
Environment

Current

St

state

A

Action

a;

Reward

Pt

Fig. 3. Deep reinforcement learning-based offloading scheme.

and UAVs interacted, was discussed. The MADDPG algorithm was used
to optimize UAV flight trajectories, offloading decisions, and spectrum
allocation. Many methods in this category employ the full end-edge-
cloud architecture, with horizontal offloading on the end layer, while
some studies have extended horizontal collaboration to the edge layer
[41,42,53]. These methods also heavily incorporate mobility and multi-
hop offloading. Task dependency was addressed in [56], where temporal
dependencies were modeled using DAGs.

Evaluation of these methods is mainly performed through numerical
simulations, with some studies incorporating mobility datasets [56,78].
Examples include vehicular trajectories from Crete, France [56], and
the GAIA dataset from Xi’an, China [78]. In [57], simulation environ-
ment was created from a realistic road scene from Di’anmen West Street,
Beijing, using SUMO. In [42], the authors proposed a real-life testbed
for MEC where Raspberry Pis were used as end devices, and personal
laptops served as MEC servers. Evaluation environments for RL-based
methods typically involve fewer end devices than those used in meta-
heuristic or heuristic methods. Typically, evaluation environments in
this category included 1-10 edge servers, and up to 100-150 end de-
vices. However, in a recent study [75], the authors evaluated their ap-
proach using 300 edge servers and approximately 1500 end devices (4-6
IoT devices per MEC), representing the largest evaluation system among
the selected studies.

12

5.5. Summary

The methods discussed in this survey present a range of approaches
for solving the collaborative task offloading problem, with a clear dis-
tinction between the different categories.

e Classical methods are well-suited for simpler environments, such
as those involving only end and edge layers, where they offer opti-
mal solutions that are easy to implement, but tend to overlook more
complex intra-layer dynamics. Moreover, 55% of the methods em-
ploy centralized control. Notably, one recent study [98] conducted
its evaluation using datasets, the CARLA simulation platform, and
real-life equipment, making it the most comprehensive evaluation
scheme among all the reviewed articles.

Heuristic methods are applied for more complex MEC, VEC, and
UAV-MEC system, with 50% of them employing a centralized con-
trol architecture. The majority of studies focused on end-edge archi-
tectures, while some incorporated end-edge-cloud architectures. Mo-
bility was accounted for in nearly all VEC environments; however,
only a limited number of studies incorporated multi-hop offloading
or task dependency. Numerical simulation is the dominant evalua-
tion environment, but one study used real-life mobility dataset and
one network simulator to enhance the realism of the evaluation.
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Table 6
Comparison of articles published between years 2021-2025 based on collaborative systems, dynamics, and evaluation methodology.
Year Network Horizontal Vertical Mob.¢ Hop Task Control Eval
MEC VEC UAV End Edge End® Edge® Cloud m/s?  I/D¢  C/De/Di'  S/D/R®
[49] 2023 v v 4 v - S - Di S Classical
[87] 2024 v v v v X S I C S,D
[97] 2024 v v v X M - Di S
[89] 2021 v v v v M De S
[60] 2022 v v v v v S - Di S
[98] 2025 v v v 4 v S D C S,D,R
[99] 2025 v v v 4 X M - C S
[71 2022 v v v v - S\M I Di S Heuristic
[9] 2023 v v v 4 - s - C S
[71] 2024 v v v - S D De S
[65] 2021 v v v v 4 v 4 S - De S
[62] 2021 v v 4 4 V! - - C S
[59] 2021 v v v 4 v - De S,D
[68] 2022 v v 4 v v - D C S
[108] 2024 v v 4 v S I De S
[46] 2024 v v 4 - - I De S
[48] 2021 v v v v v s! I De S Metaheuristics
[93] 2022 v v v v X S — C S,D
[8] 2022 v v v v M D C S
[44] 2022 v v v 4 v v X S,M I Di S,D
[95] 2023 v v v v v v M I C S
[115] 2024 v v 4 4 - - D C S
[45] 2024 v v 4 v v - D De S
[39] 2024 v v v v v - S,M D Di S
[10] 2024 v v 4 4 - S I C S
[120] 2025 v v v 4 - - I C S
[121] 2025 v v v v - S I C S
[51] 2023 v v v - - - De S
[61] 2023 v v v v - - C S,D
[52] 2023 v v v 4 v v v S,M I C S
[63] 2024 v v v v v S,M — Di S
[125] 2025 v v 4 4 v - D C S
[55] 2022 v v v X S I De S Machine learning
[54] 2023 v v v 4 - - De S
[130] 2023 v v 4 4 - - - De S
[42] 2024 v v v 4 v X S,M - De R
[41] 2024 v v v v 4 v - S,M - C S
[70] 2024 v v 4 4 - S I De S
[134] 2024 v v v 4 X S I C S
[75] 2025 v v v v v - M D C S,D
[135] 2025 v v v 4 v S - De S
[85] 2021 v v 4 - St De S
[86] 2021 v v v v v S - De S
[56] 2021 v v v 4 v S D De S,D
[53] 2022 v v v 4 4 - S,M - C S
[77] 2022 v v 4 v M - Di S
[142] 2022 v v v v X - - C S
[43] 2023 v v 4 4 v v S - C S
[144] 2024 v v v 4 v v S I C S
[66] 2024 v v v v v v S - De S
[40] 2024 v v v 4 v V! S - De S
[145] 2024 v v 4 4 v - - C S
[146] 2024 v v v v S Di D
[150] 2025 v v v 4 v S - C S
[47] 2025 v v 4 4 v v M I C S
[148] 2025 v v 4 v v M I De S
[149] 2025 v v v v v S - C S
[571 2024 v v v 4 4 v S De S
2 Local computing model.
b

Includes all stationary and mobile edge servers, which are differentiated from end devices.
¢ Mobility. Mobile end devices.

d M =Multi-hop, S=Single-hop.

¢ I=Independent, D =Dependent.

f C=Centralized, De = Decentralized, Di = Distributed.

8 Evaluation method. S=Simulation, D = Dataset, R = Real-life.

h _ Not mentioned in the article.

I Not mentioned in the text, but derived from the equations or algorithms.
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Fig. 4. Evaluation environment in the selected articles. Number of simulated devices at end-edge layers in MEC, VEC, and UAV-MEC/VEC.

e Metaheuristic methods, particularly nature-inspired approaches,
are widely applied in complex systems involving dependent tasks
and multi-hop offloading, with multiple layers of collaboration in-
cluding full computing continuum. Although these methods are tra-
ditionally decentralized or distributed, 65% are implemented in a
centralized manner. Numerical simulations and real-world mobility
datasets were primarily used to create evaluation environments, scal-
ing up to 1000 end devices and 10 edge servers. Additionally, a sim-
ulation tool was used to generate synthetic workflow applications
for studying task dependencies.

¢ Machine learning, particularly RL methods, has garnered signif-
icant attention in recent years for its ability to generalize to un-
familiar environments and adapt to dynamic problems. Most stud-
ies applied machine learning methods to VEC networks, with one
study focusing on UAV-VEC, where vehicles, edge servers, and UAVs
interacted. Approaches were implemented in end-edge-cloud sys-
tems, with some studies incorporating horizontal collaboration at
the edge layer. Additionally, many methods integrate multi-hop
offloading with mobility, showcasing their ability to tackle com-
plex problems in diverse environments. While 48% of the methods
utilize decentralized decision-making during inference, centraliza-
tion is often employed during training. Most evaluation environ-
ments rely on numerical simulations, with some integrating real-
world mobility datasets. A recent study utilized a large-scale sim-
ulation involving 1200-1800 end devices and 300 edge servers,
representing the largest setup among all reviewed works [75]. No-
tably, another study proposed a real-life testbed for evaluation
[42].

Numerical simulations continue to be the predominant evaluation
method, with many studies integrating mobility datasets and network
simulators to enhance realism in experimental environments. However,
the complexity of real-world environments, including the effects of ob-
stacles on network conditions and device connectivity, is not fully cap-
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tured. The evaluation environments were often study-specific, and while
some studies used similar configurations, no standardized benchmark-
ing system was employed. Furthermore, most approaches were com-
pared only against methods within the same category or those with
fewer capabilities, lacking proper cross-validation. Although some stud-
ies introduced random elements in the evaluation, such as random de-
vice distribution or location placement, it remains unclear how well
these methods generalize to unfamiliar environments or different net-
works. For instance, none of the studies performed cross-comparisons
between different networks, such as MEC and VEC. These limitations
are reinforced by the lack of open-source code or datasets across all re-
viewed works, with only a few indicating a willingness to share data
upon reasonable request [10,42,53,66,145,148]. The absence of open-
source implementations and shared data makes it difficult to reproduce
results, compare methods across studies, and advance research effec-
tively.

Overall, among the 71 selected studies, 52% of the methods adopt
a centralized control, 32% employ decentralized control, and 15% uti-
lize distributed control. MEC systems were the most commonly stud-
ied (52%), followed by VEC (44%), while only 4% focused on UAV-
MEC/VEC systems. In terms of offloading strategies, 11% employed hor-
izontal offloading at the edge layer, 66% utilized vertical offloading be-
tween end and edge layers, and 14% implemented vertical offloading
across the end-edge-cloud. A small portion of studies (6%) examined
all horizontal and vertical offloading paradigms within end-edge—cloud
systems, 20% addressed two of the three intra-layer dynamics, and only
one study considered all three. Task dependency was more extensively
covered by heuristic and metaheuristic approaches, whereas multi-hop
offloading was predominantly explored in machine learning and meta-
heuristic methods. Only 17% and 27% considered task dependency and
multi-hop offloading, respectively. While mobility is a dominant factor
in VEC systems, it also plays a significant role in MEC systems due to
user movements. However, only 22% of the studies about offloading in
MEC systems considered mobility.
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6. Open challenges and future research

This section highlights the challenges and potential areas for future
research in computation offloading in collaborative computing systems.
We emphasize the need for unified and standardized research across
all edge computing networks, alongside the advancement of algorithms
and techniques for complex collaborative systems that are adaptable to
unknown and dynamic environments, and diverse networks.

6.1. Unification of the networks

Task offloading in MEC, VEC, UAV, and satellite-assisted systems
shares several common characteristics, including mobile end devices, a
mix of stationary and mobile edge servers, and hierarchical resource dis-
tribution. While end devices are mobile and equipped with sensors, the
scale of movement speeds and system resources varies across networks.
For instance, vehicles typically move faster than mobile phones, while
UAVs move faster than ground robots. However, with the growing pop-
ularity of micromobility devices, the distinction between vehicles and
mobile devices is becoming less clear, as these user-operated devices
move at different speeds and ranges. Additionally, mobility is no longer
limited to the ground due to the increasing adoption of consumer UAVs.

Most current studies focus on a single network, with limited work ex-
ploring hybrid edge computing environments. As a result, it remains un-
clear how effectively existing task offloading methods can be extended
to hybrid networks encompassing a wide range of mobile devices, vehi-
cles, and robots. The increasingly ambiguous distinction between het-
erogeneous mobile devices and vehicles further challenges conventional
categorizations of edge computing paradigms, complicating the design,
evaluation, and deployment of offloading strategies. For example, in sys-
tems involving micromobility devices (i.e. scooters or e-bikes) along-
side wearable technology and smartphones carried by the drivers, it is
unclear whether MEC or VEC based approaches are more appropriate.
These devices may move at speeds comparable to larger vehicles but
possess resource constraints similar to mobile phones. Although UAV-
assisted approaches might offer relevant insights, existing studies have
evaluated them only in small-scale environments, limiting their applica-
bility to larger systems. These challenges highlight the need for research
on hybrid edge computing networks, which current domain-specific ap-
proaches fail to adequately address.

To address these challenges, we propose unifying offloading research
across various edge computing paradigms into a single field. This would
shift the focus from specialized methods more towards generalized ap-
proaches suitable for hybrid networks that resemble more real-world
heterogeneous computing networks. As a result, methods could be de-
signed and evaluated in closer alignment with real-world requirements,
thereby accelerating deployment. As an initial step, cross-comparisons
of existing methods should be conducted using current simulation envi-
ronments. These can be adapted to perform preliminary evaluation in
hybrid scenarios, since essentially the commonalities across edge com-
puting networks, such as speed, resources, and distance, serve as scal-
ing factors. However, further research is needed, particularly work to-
wards more complex and realistic collaborative systems (discussed in
Section 6.2), and creating evaluation frameworks capable of realistically
simulating hybrid networks and enabling proper cross-domain compar-
isons (discussed in Section 6.3).

6.2. Complex collaborative systems

Horizontal offloading in the end layer is frequently studied, but E2E
offloading, particularly within three-tier architectures, has yet to be fully
explored. E2E offloading offers distinct advantages in various scenarios,
particularly when edge servers are subjected to high workloads and re-
quire load balancing, or when an end device moves beyond the coverage
area of one edge server and enters the coverage area of another, where
the output is subsequently returned to the end device. In the context
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of horizontal offloading dynamics, some studies focus on task depen-
dency, multi-hop offloading, and mobility. However, only one study,
which uses a relatively simple D2D collaboration scheme, incorporates
all of these dynamics. Some studies have explored the full computing
continuum alongside multiple dynamics (i.e. multi-hop and mobility, or
multi-hop and task dependency), but no study to date has combined all
dynamics. Task dependency is primarily examined in systems utilizing
D2D or end-edge collaboration, with one exception incorporating E2E
collaboration.

Current research largely concentrates on simplified collaborative sys-
tems that fail to capture the complexity of real-world environments,
thus possibly only applicable to small-scale or specialized scenarios.
In practical deployments, computational tasks often constitute complex
workflows that integrate both sequential and parallel operations. For
example, neural network inference and computer vision pipelines are
increasingly deployed on mobile devices to enable edge intelligence.
Such complex systems require effective management of task dependen-
cies to ensure efficient and reliable distributed execution, which have
been studied in the context of scientific computing, where workflows are
decomposed into tasks and scheduled on cloud [74] or edge—cloud [73]
servers, however it remains largely unexplored in dynamic D2D offload-
ing scenarios. In such environments, workflow management must also
maintain reliable connectivity despite mobility, interference, and fluc-
tuating network conditions. Robustness can be enhanced through data
relaying among intermediate nodes, ensuring communication when di-
rect links fail, and further strengthened by leveraging the full computing
continuum, where data can be transmitted through the cloud in extreme
cases. As these dynamics are inherently interdependent, they should be
addressed collectively to enable adaptive, resilient, and practically de-
ployable task offloading solutions.

To address these challenges, we highlight the importance of focus-
ing on more complex collaborative systems that account for intra-layer
collaboration and leverage the full computing continuum. We propose
that this shift can be facilitated through the adoption of standardized
evaluation environments (discussed in Section 6.3), which simplify the
integration and testing of diverse functionalities. For example, mobil-
ity could be defined as a configurable agent parameter, while multi-hop
offloading could be activated or deactivated via simple interface con-
trols. Similarly, computing layers, the number of devices within each
layer, and network connectivity could be easily adjusted to suit different
experimental setups. Such a framework would significantly reduce the
implementation overhead currently associated with modeling complex
systems, thereby enabling researchers to easily incorporate and eval-
uate multiple dynamic features without the need to construct custom
simulations from scratch. This practical step would lower the barrier
to studying realistic scenarios and accelerate the development of more
robust, generalizable, and deployment-ready offloading strategies.

6.3. Evaluation methodology

The evaluation methodology presents a significant challenge in
the field, as there is no standardized benchmarking system for cross-
comparing methods. Most studies develop unique simulation setups and
define custom metrics, often relying on synthetic tasks. This fragmenta-
tion hinders comparative analysis, as authors must assess their methods
with tailored setups, limiting cross-validation of results. Consequently,
many studies compare their methods only against simplified baselines,
such as local computation or single-layer offloading.

While many studies utilize realistic mobility datasets, communica-
tion models, and task models, the simulation environments still fail to
capture the full complexity of real-world conditions. Real-world envi-
ronments typically involve a wide variety of obstacles that impact net-
work conditions. In VEC networks, for instance, buildings, other vehi-
cles, and vegetation can affect signal propagation, leading to communi-
cation failures between devices. Similarly, in MEC, mobile devices are
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often used in crowded areas where various obstacles can interfere with
network performance.

To address these challenges, we propose a benchmarking system for
the standardized evaluation and comparison of task offloading meth-
ods. Such a system would accelerate algorithm development by elimi-
nating the need to recreate simulations from scratch each time. Ideally,
the system should be capable of simulating hybrid networks ranging
from smaller-scale MEC networks to large-scale VEC, UAV, and satel-
lite networks. It would also provide a platform for cross-validation of
approaches, even from different domains, showcasing state-of-the-art
methods. While numerical simulation is valuable for evaluating large-
scale systems, we believe there is also a need for a physics-based simula-
tor with integrated network modeling. Such a testbed would enable re-
alistic use-case evaluations and support various sensors, including cam-
eras, LiDARs, and radars, which are essential for applications in self-
driving, AR/VR, and mapping. Such co-simulation platforms have been
proposed in recent years to integrate various simulation tools. For in-
stance, in [151], the authors introduce CAVIAR, a co-simulation plat-
form that combines Airsim for mobility and 3D environments, Sionna
for network modeling, and NATS for messaging, with a support for UAVs
and cars. Similarly, in [152], the authors propose CAVISE, where mobil-
ity and 3D environments are managed by the CARLA simulator, Artery
handles communication, OpenCDA is used for self-driving, and SUMO
simulates road traffic. A comprehensive survey of Integrated Simula-
tion Environments (ISE) for automated vehicles is provided in [153].
It would enable researchers to evaluate methods using workflows that
closely resemble real-world applications, thus accelerating the adoption
and deployment of these methods. Additionally, a real-life testbed for
multi-user, multi-edge, and cloud environments would further support
standardized experiments and facilitate the practical deployment of of-
floading strategies.

7. Conclusion

This survey presents a comprehensive analysis of computation of-
floading in collaborative computing systems, examining various meth-
ods, architectures, and key offloading dynamics. We classify offload-
ing approaches into classical, heuristic, metaheuristic, and machine
learning-based methods, further distinguishing them based on their cen-
tralized, decentralized, or distributed implementation. Our findings in-
dicate that classical methods are primarily employed in simpler collabo-
rative systems, whereas heuristic, metaheuristic, and machine learning-
based approaches are more suited for complex, multi-layered environ-
ments. In particular, machine learning methods are gaining prominence
due to their adaptability to complex and dynamic networks. Despite
these advancements, several critical challenges remain, particularly in
fully leveraging the computing continuum while incorporating intra-
layer dynamics such as mobility, multi-hop offloading, and task de-
pendencies. Additionally, the absence of a standardized benchmarking
framework hinders the cross-validation of state-of-the-art methods, lim-
iting comparability and reproducibility across studies. Future research
should prioritize unifying offloading research across different networks
to enhance interoperability, developing benchmarking systems along-
side physics-based simulation environments for more realistic evalua-
tions, and advancing offloading approaches for complex collaborative
systems and hybrid networks.
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