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Abstract

Vehicular Edge Computing (VEC) has emerged as a transformative paradigm in Intelligent Transportation Systems
(ITS), enabling vehicles to offload computationally demanding and latency-sensitive tasks to nearby edge or cloud
servers. However, efficient task offloading remains challenging due to the dynamic nature of vehicular networks, het-
erogeneous edge resources, variable service costs, and diverse task requirements. Traditional approaches often fail to
distinguish between delay-sensitive and delay-tolerant tasks, leading to suboptimal trade-offs between response time
and monetary cost. To address these limitations, this paper proposes PACOB, a priority-aware computation offloading
framework based on a multi-armed bandit model enhanced with an Upper Conődence Bound (UCB) mechanism. Un-
like conventional methods, PACOB employs dual action-value functions to explicitly distinguish task types and enable
task-speciőc optimization. For delay-sensitive tasks, it prioritizes minimizing response time to meet strict deadlines,
whereas for delay-tolerant tasks, it focuses on cost efficiency while preserving service quality. By dynamically learning
optimal offloading policies and adapting to real-time network variations, PACOB achieves a balanced optimization of
latency and cost across heterogeneous environments. Extensive simulations across diverse VEC scenarios demonstrate
PACOB’s superiority over four baselines: Random (RND), Priority-Based Heuristic (PBH), ϵ-greedy, and standard UCB.
Compared with standard UCB, PACOB reduces average response time by about 35% and improves the percentage of
deadline-satisőed tasks (PDST) by 18%, with only a moderate 25% rise in cost for delay-sensitive tasks. For delay-
tolerant tasks, PACOB and PBH show comparable cost efficiency, but PACOB achieves slightly better response time
and PDST through adaptive redirection of some tasks to underutilized edge servers. These results conőrm PACOB’s
robustness and adaptability in balancing latency, reliability, and cost efficiency for real-time vehicular edge computing.

Keywords: vehicular edge computing, computation offloading, multi-armed bandit, upper conődence bound, response
time, and monetary cost.

1. Introduction

The advent of Vehicular Edge Computing (VEC) has
revolutionized the landscape of Intelligent Transportation
Systems (ITS) by enabling computational offloading to
edge and cloud servers [1, 2, 3]. As vehicles become in-
creasingly equipped with sensors, autonomous driving sys-6

tems, and high-bandwidth connectivity, the demand for
real-time processing of delay-sensitive and computation-
intensive tasks continues to grow [4, 5]. Applications such
as autonomous navigation, real-time traffic management,
and in-vehicle entertainment systems require ultra-low la-
tency and high reliability to meet the stringent require-12

ments of modern vehicular networks [6, 7, 8].
VEC has emerged as a transformative paradigm, bridg-

ing the computational gap between resource-constrained
vehicles and the increasing demand for real-time, high-
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performance applications. By leveraging edge servers de-
ployed at Road Side Units (RSUs) and remote cloud servers,18

VEC enables computational offloading to reduce latency
and enhance Quality of Service (QoS). However, efficient
task offloading in VEC remains a signiőcant challenge [9,
10]. The key difficulties stem from the heterogeneity of
edge servers, dynamic traffic variations, limited computa-
tional resources, and ŕuctuating service costs. Moreover,24

vehicles operate in a highly dynamic environment where
task urgency, network conditions, and resource availabil-
ity are continuously changing. Consequently, real-time,
intelligent offloading decisions are essential to maximize
computational efficiency, minimize response time, and op-
timize cost.30

To tackle these challenges, Multi-Armed Bandit (MAB)-
based learning algorithms have gained attention for adap-
tive task offloading [11, 12, 13, 14]. MAB frameworks in-
herently balance exploration (assessing the performance of
offloading options) and exploitation (leveraging the best-
known options), making them well-suited for dynamic and36



uncertain environments like VEC. Upper Conődence Bound
(UCB)-based approaches, in particular, offer robust the-
oretical guarantees in decision-making under uncertainty
[15]. However, while UCB-based task offloading strate-
gies have been widely used in VEC systems, most existing
works fail to address the challenge of task heterogeneity42

[11, 13, 16]. Tasks vary signiőcantly in terms of delay sen-
sitivity and computational complexity, and a one-size-őts-
all offloading policy fails to accommodate their distinct
requirements. Without explicitly considering task prior-
ity and computational demands, conventional UCB-based
methods risk suboptimal resource allocation and inefficient48

cost management.
In this paper, we mathematically model the compu-

tation offloading problem in VEC systems with the dual
objective of minimizing response time and monetary cost.
To address this challenge, we propose PACOB (Priority-
Aware Computation Offloading in VEC based on multi-54

armed Bandit learning), a novel offloading algorithm that
leverages an enhanced Upper Conődence Bound (UCB)
framework. A key innovation of PACOB is its dual action-
value function, which allows the algorithm to distinguish
between delay-sensitive and delay-tolerant tasks, enabling
task-speciőc optimization and adaptive decision-making.60

For delay-sensitive tasks, the proposed algorithm priori-
tizes response time minimization to meet stringent dead-
lines, whereas for delay-tolerant tasks, it focuses on cost
reduction to ensure economic efficiency. By dynamically
learning and adapting to network variations, PACOB in-
telligently balances performance and cost, signiőcantly im-66

proving QoS and resource utilization efficiency in dynamic
VEC environments.

The main contributions of this paper are summarized
as follows:

• We formulate the task offloading problem in VEC
systems as a Mixed Integer Linear Programming (MILP)72

model, explicitly optimizing response time and mon-
etary cost to enhance both computational efficiency
and economic feasibility.

• To address task heterogeneity, we introduce a priority-
aware offloading mechanism, distinguishing between
delay-sensitive and delay-tolerant tasks by incorpo-78

rating their unique sensitivities to response time and
cost.

• We develop PACOB, a novel UCB-based adaptive
task offloading algorithm, leveraging a dual action-
value function to intelligently manage task allocation
and optimize offloading decisions in real-time.84

• We conduct extensive simulation experiments across
various realistic VEC scenarios, demonstrating sig-
niőcant improvements in response time, cost effi-
ciency, and task deadline satisfaction. Our results
showcase the superiority of PACOB over baseline
methods, validating its effectiveness in optimizing90

task offloading for VEC systems.

The remainder of this paper is structured as follows:
Section II reviews the existing literature on task offload-
ing in VEC systems, highlighting current challenges and
advancements. Section III presents the system model,
detailing the system architecture, the offloading environ-96

ment, and the problem formulation. Section IV introduces
the proposed PACOB algorithm, outlining its core mech-
anisms and enhancements. Section V describes the per-
formance evaluation setup and provides a comprehensive
analysis of the simulation results. Finally, Section VI con-
cludes the paper by summarizing the őndings and outlin-102

ing potential directions for future research.

2. Related Works

Computation offloading in edge and VEC environments
has received extensive attention in recent literature [17,
18]. This section aims to review the related works that
focus on computation offloading, examining the diverse108

methodologies that have been employed to tackle this chal-
lenge. Each approach is summarized with its speciőc goals
and contributions. We provide a comprehensive catego-
rization of these related works, classifying them into four
main categories: heuristic methods, metaheuristic tech-
niques, game theory approaches, and learning-based tech-114

niques. This classiőcation helps in understanding the dif-
ferent strategies and their effectiveness in addressing com-
putation offloading problems in VEC and Multi-access Edge
Computing (MEC) contexts.

2.1. Heuristic Methods

In [19], Singh et al. present a heuristic algorithm aimed120

at minimizing the completion time of computational tasks
in a multi-user multi-MEC setup. The proposed algorithm
allows mobile devices to independently decide whether to
offload a task using only local knowledge. Three approaches
for offloading decisions and three mechanisms for select-
ing MEC servers are evaluated. The heuristic algorithm126

demonstrates the capability to produce solutions that closely
approximate the theoretical optimal allocation, validated
through extensive simulations. Azizi et al. [20] introduce
DECO, a deadline-aware and energy-efficient framework
for computation offloading in heterogeneous MEC envi-
ronments. Unlike many heuristic approaches that indepen-132

dently handle delay or energy optimization, DECO jointly
minimizes IoT device energy consumption while ensuring
that task deadlines are satisőed through a mixed-integer
nonlinear programming (MINLP) formulation. The au-
thors further design heuristic rules for local offloading de-
cisions and propose a priority-aware scheduling algorithm138

for distributing tasks across heterogeneous edge servers.
Although DECO achieves notable improvements in dead-
line satisfaction and response time, it does not account
for monetary costs (e.g., service pricing) or communica-
tion overheads, limiting its adaptability in cost-sensitive
or bandwidth-constrained MEC systems. Bute et al. in144
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[21] propose a distributed task offloading scheme designed
for VEC networks. The algorithm aims to optimize com-
putational resource utilization and minimize task comple-
tion time. By leveraging vehicle-to-vehicle (V2V) com-
munication and distributed decision-making, the scheme
effectively manages dynamic network conditions. The pro-150

posed algorithm uses a fuzzy logic approach and consid-
ers four key metrics: task priority, resource availability,
communication delay, and task size. In [22], Ataie et
al. present D2FO, a scalable distributed algorithm for
offloading time-sensitive tasks in Fog-Cloud IoT environ-
ments. The proposed algorithm employs a semi-network-156

aware distributed scheduling mechanism, focusing on op-
timizing acceptance rate, response time, and network re-
source usage. By dynamically adjusting the routing paths
and utilizing real-time bandwidth calculations, D2FO out-
performs existing methods in handling delay-sensitive ap-
plications, as demonstrated through extensive simulations.162

Despite the low computational complexity of heuris-
tic algorithms, their solutions often fail to maintain high
qualityÐi.e., near-optimal and stable performanceÐunder
heterogeneous and dynamic conditions [23, 24]. These ap-
proaches may struggle to cope with diverse task types and
the simultaneous consideration of response time and com-168

putational cost. Another common limitation is the diffi-
culty in achieving balanced load distribution, which can
result in inefficient resource utilization and increased la-
tency under varying network conditions.

2.2. Metaheuristic Methods

In [25], Su et al. propose a novel algorithm for task of-174

ŕoading in VEC, leveraging a multistrategy improved spar-
row search algorithm for edge-cloud collaboration. This
algorithm optimizes task offloading locations by consider-
ing both delay and energy consumption. The proposed
method signiőcantly enhances the accuracy and speed of
task offloading, as demonstrated through simulations. Mater-180

wala et al. in [26] introduce a novel offloading algorithm
that leverages an evolutionary genetic algorithm to opti-
mize energy consumption in edge-cloud computing plat-
forms while maintaining service level agreement require-
ments. The algorithm employs an adaptive penalty func-
tion to handle latency and processing time constraints. To186

minimize the execution time of applications in VEC sys-
tems, de Souza et al. [27] introduce a bee colony-based
task offloading algorithm. This algorithm reliably reduces
application execution time by considering connectivity and
energy constraints, along with several contextual param-
eters, to provide efficient solutions within a feasible time192

frame for delay-sensitive applications. Long et al. [28] pro-
posed a task offloading algorithm optimized for an edge-
cloud collaborative architecture in 6G networks. This al-
gorithm minimizes energy consumption, delay, and multi-
node load imbalance as key optimization objectives. Build-
ing on the approach introduced in [29], the enhanced algo-198

rithm demonstrates fast convergence and effectively bal-
ances workloads across edge nodes, reducing delays from

overloaded nodes and minimizing energy wastage caused
by idle nodes. Luo et al. in [30] focus on a multi-objective
optimization approach to minimize delay and cost in VEC
systems. The authors establish an offloading framework204

that considers tasks with varying computation require-
ments. By formulating a MINLP problem, they aim to
optimize offloading decisions and resource allocation. The
proposed solution, a particle swarm optimization-based
computation offloading algorithm, achieves Pareto-optimal
solutions, balancing both delay and cost effectively.210

Metaheuristic algorithms offer signiőcant advantages
for solving computation offloading problems in VEC envi-
ronments. Their strong search capabilities enable them to
explore the solution space thoroughly and generate near-
optimal solutions, making them effective for complex opti-
mization tasks. However, the high execution time associ-216

ated with these algorithms can be a major drawback. This
limitation hinders their applicability in real-time systems
and dynamic environments where quick decision-making is
crucial.

2.3. Game Theory Methods

A two-stage task offloading mechanism to optimize task222

completion rates and participant utilities in 5G hetero-
geneous networks is proposed by Hui et al. [31]. The
őrst stage uses a second price sealed auction model to
help macro cell base stations select the optimal small cell
base stations based on task requirements and available
resources. The second stage involves a bargaining game228

between the macro cell base stations and autonomous ve-
hicles to őnalize task offloading agreements, ensuring ef-
őcient resource utilization and improved service perfor-
mance.

Wang et al. in [32] addresse the problem of task of-
ŕoading in VEC environments, with a focus on optimiz-234

ing costs associated with offloading, such as computational
and communication expenses. The authors propose a Stack-
elberg game-based approach to model the interaction be-
tween vehicles and edge servers, aiming to achieve an opti-
mal balance that minimizes costs while improving system
efficiency. The method considers the interests of both par-240

ties (vehicles and edge servers) and provides an efficient
resource allocation solution. Chen et al. [33] present a hi-
erarchical framework to address multi-user task offloading
and resource purchasing in MEC systems. The two-stage
optimization model minimizes user costs and maximizes
server proőts. The őrst stage uses a multi-channel ac-246

cess game to achieve Nash equilibrium for user access de-
cisions, while the second stage employs a Stackelberg game
to optimize resource pricing and purchasing, ensuring effi-
cient and distributed decision-making. In [34], Cheng et al.
tackles the joint task offloading and service caching prob-
lem in VEC networks to minimize total task delay, energy252

consumption, and cost. Their proposed algorithm uses
dynamic programming for service caching and a many-
to-one matching game for task offloading. This coopera-
tive approach between edge servers and vehicles optimizes
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resource utilization and improves QoS, validated through
extensive simulations.258

Game theoretic algorithms provide robust frameworks
for optimizing computation offloading in VEC environ-
ments by promoting cooperation among participants and
effectively balancing resource allocation. Their strategic
models, such as auction-based mechanisms, non-cooperative
games, and hierarchical game frameworks, ensure efficient264

task execution and resource utilization. However, the com-
plexity of these algorithms and the need for extensive com-
putational resources can be challenging in highly dynamic
and real-time systems.

2.4. Learning-based Methods

In this subsection, we review several learning-based al-270

gorithms, including Reinforcement Learning (RL), Deep
Reinforcement Learning (DRL), and MAB theory, pro-
posed for computation or task offloading in VEC environ-
ments. In [35], Zhang et al. leverage a deep Q-learning al-
gorithm to optimize task offloading in VEC networks. By
using a synchronized random walk model to simulate real276

traffic conditions, the scheme integrates cloud and edge
computing resources to reduce processing delays. This ap-
proach effectively addresses the dynamic nature of vehic-
ular networks, ensuring improved adaptability and mini-
mized delays in task processing. Fan et al. in [36] propose
a twin delayed deep deterministic policy gradient (TD3) al-282

gorithm to optimize task offloading in a VEC scenario. By
exploiting ŕexible cooperation between RSUs, the scheme
addresses task result reception failures due to vehicle mo-
bility and load imbalances among RSUs. The TD3-based
algorithm minimizes total task processing delay and en-
ergy consumption by jointly optimizing task offloading,288

computing resource allocation, and transmission power.
Sun et al. [11] introduce an adaptive task offloading al-

gorithm (ALTO) based on MAB theory to minimize aver-
age offloading delay in VEC environments. The ALTO al-
gorithm allows task vehicles to learn the delay performance
of service vehicles dynamically without requiring frequent294

state information exchange. The algorithm is augmented
with input-awareness and occurrence-awareness to adapt
to varying workloads and vehicle movements, demonstrat-
ing superior performance and signiőcantly reducing delay
in both synthetic and realistic highway scenarios. Misra et
al. in [37] present a novel approach for optimizing task of-300

ŕoading in IoT environments using a two-tier scheme. Ini-
tially, a greedy algorithm selects a nearby fog node for task
offloading, reducing initial selection time. Subsequently,
an ϵ-greedy nonstationary MAB strategy dynamically al-
locates subtasks across multiple fog nodes, balancing la-
tency and resource usage. The proposed framework effec-306

tively handles dynamic conditions, achieving lower latency
and higher speed up in simulations compared to existing
methods.

In [38], Xue et al. propose a collaborative partial of-
ŕoading and resource allocation framework for VEC net-
works, aiming to minimize the long-term computational312

overheadÐincluding delay and energy consumptionÐof ve-
hicles. The system leverages idle vehicles, RSUs, and local
nodes as service providers, and models the task offloading
problem as a Markov game. A Multi-Agent Deep Rein-
forcement Learning algorithm, PORA-MATD3, is devel-
oped to jointly optimize offloading, task migration, and re-318

source allocation using centralized training and distributed
execution. Additionally, a task migration strategy is inte-
grated to ensure reliable delivery of computation results
under vehicle mobility constraints. Bozorgchenani et al.
[13] address the computation offloading challenge in dy-
namic VEC environments using MAB theory. The study324

introduces two approaches: an on-line learning algorithm
for real-time network selection to minimize latency, and an
off-policy learning algorithm leveraging historical offload-
ing data to detect changes in traffic load and optimize
network selection. These methods ensure efficient task of-
ŕoading by dynamically selecting the least congested net-330

works and reducing task loss in a VEC scenario.
Learning-based algorithms offer robust solutions for

task offloading in VEC environments. These algorithms
can adapt to dynamic network conditions, optimize re-
source utilization, and minimize task processing delays.
However, they face several delay-sensitive challenges that336

need to be considered. Firstly, they often require substan-
tial computational resources for execution and training,
particularly DRL techniques. Secondly, their convergence
time can be challenging, leading to slow adaptation to en-
vironmental changes. Lastly, handling the diverse require-
ments of tasks remains a complex issue in these algorithms.342

While existing studies have applied learning-based and
MAB-inspired approaches to task offloading in VEC, most
overlook the importance of prioritizing heterogeneous task
requirements explicitly during decision-making. Notably,
Bozorgchenani et al. [13] proposed a learning-based com-
putation offloading framework for VEC environments that348

dynamically adapts to changing conditions. However, their
model does not distinguish between task priorities and
lacks an explicit cost-awareness mechanism. In contrast,
our proposed frameworkÐPACOBÐincorporates both mon-
etary cost and task heterogeneity by leveraging a dual
action-value structure within the UCB framework. Unlike354

traditional UCB variants, PACOB introduces a priority-
aware learning paradigm that treats delay-sensitive and
delay-tolerant tasks differently, with separate optimization
objectives and reward calculations. This design enables
PACOB to make fast, lightweight, and context-aware de-
cisions tailored to the speciőc needs of each task type. Fur-360

thermore, by jointly minimizing response time and system
cost, our approach achieves superior performance under
dynamic and resource-constrained VEC conditions.

3. System Model

In this section, we őrst describe the system architec-
ture and the offloading environments under consideration.366
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Following this, we present the mathematical model and
formulate the problem.

Figure 1: An overview of the VEC architecture and the avail-

able task processing options for a smart vehicle, including local

execution, offloading to nearby heterogeneous edge servers, and

remote cloud servers.

3.1. System Architecture and Offloading Environment

The system architecture of the considered VEC net-
work consists of three main layers: cloud layer, edge layer,
and vehicular layer, as illustrated in Fig. 1. In the cloud372

layer, Cloud Service Providers (CSPs) offer platforms, in-
frastructure, applications, and storage services via the in-
ternet, enabling users to access a wide range of resources
on demand. CSPs typically provide these services through
a pay-as-you-go model, allowing users to scale their com-
putational resources based on ŕuctuating needs. Data378

centers in this layer house powerful physical machines or
servers that cater to various customer demands. In the
edge layer, edge service providers deploy servers and ser-
vices close to the data source to reduce latency and en-
hance performance. Although these edge resources are
more limited in capacity compared to cloud resources, they384

offer advantages in terms of proximity and responsiveness.
The vehicular layer comprises smart vehicles equipped with
limited computational and storage capabilities. These ve-
hicles outőtted with advanced technologies such as sensors,
cameras, and communication devices, can collect and pro-
cess environmental data and interact with other vehicles,390

infrastructure, and the internet. This connectivity enables
vehicles to share data and collaborate on tasks, enhancing
safety, performance, and convenience for drivers and pas-
sengers.

While smart vehicles possess limited computational and
storage capabilities, these resources are often insufficient396

for processing computation-intensive tasks. Therefore, in
the proposed model, vehicles can either execute tasks lo-
cally or offload them to external computing resources. As

illustrated in Fig. 1, a generated computational task can
be processed locally on the vehicle or offloaded through
Vehicle-to-Infrastructure (V2I) or Vehicle-to-Cloud (V2C)402

communication links. It is worth noting that each vehi-
cle communicates wirelessly with its nearest base station
(BS), which serves as a gateway to the VEC infrastruc-
ture. The BS maintains high-speed backhaul connections
with multiple edge servers and a centralized cloud server,
enabling indirect task offloading from vehicles to the cloud408

through the BS.
The offloading decision for each task is inŕuenced by

multiple dynamic factors, including server workload, pro-
cessing cost, network traffic status, and the task’s own re-
quirements such as size and deadline. By continuously col-
lecting and analyzing these environmental data, the pro-414

posed model performs data-driven decision-making to de-
termine whether a task should be processed locally or of-
ŕoaded to edge or cloud resources, thereby achieving a bal-
anced trade-off between response time and cost efficiency.

In practical VEC environments, ensuring security, pre-
serving user privacy, and maintaining fault-tolerant ser-420

vice continuity are fundamental requirements due to the
highly dynamic, heterogeneous, and safety-critical nature
of vehicular networks [39, 40, 41, 42]. A large body of re-
cent research has focused on developing privacy-preserving
reputation management and trust mechanisms to enhance
the reliability of cloud-assisted and cooperative vehicu-426

lar systems. Although these approaches address essen-
tial aspects of security and trustworthiness, they operate
largely orthogonal to the performance-driven computation
offloading model considered in this work and therefore are
not explicitly integrated into our formulation. Neverthe-
less, their relevance to real-world deployments is undeni-432

able, and such mechanisms can be incorporated into future
extensions of our framework to support secure, privacy-
aware, and resilient computation offloading in next-generation
VEC systems.

3.2. Problem Formulation

In this subsection, we formulate the problem of task438

offloading in VEC environments with the primary objec-
tives of minimizing response time and monetary cost for
tasks generated by smart vehicles.

3.2.1. System Overview

We consider a VEC system comprising a smart vehicle
equipped with an intelligent agent responsible for real-time444

task offloading decisions, multiple edge servers, and a pow-
erful cloud server. The system operates using a two-level
timing structure consisting of epochs and time-slots, where
each epoch is composed of multiple consecutive time-slots.
An epoch represents a relatively stable environmental pe-
riod during which system characteristics, such as task ar-450

rival rates, server workloads, background traffic intensity,
and service costs, remain unchanged. However, these pa-
rameters may vary across different epochs to emulate the

5



dynamic and non-stationary nature of real-world VEC en-
vironments.

At each time slot, computational tasks are generated456

by the vehicle according to a Poisson arrival process. Con-
sequently, depending on the arrival rate, multiple tasks
may be generated during a given time slot. The gener-
ated tasks are assumed to be independent of one another
[11, 43, 31, 14]. For each generated task, the intelligent
agent independently performs an offloading decision by462

observing the current system state, including server work-
load, network delay, and service cost parameters. Based
on these observations, the agent determines whether the
task should be executed locally or offloaded to an edge or
cloud server. After task execution, the corresponding sys-
tem feedback is collected and the associated action-value468

function is updated accordingly. Since system conditions
may change across different epochs, the agent continuously
adapts its decision-making policy to evolving environmen-
tal dynamics.

Each task generated by the vehicle can be represented
as a 4-tuple: ti = {tsizei , tdeadline

i , tinput
i , ttype

i }, where tsizei474

denotes the task size in Million Instructions (MI), tdeadline
i

speciőes the deadline requirement in milliseconds (ms),
tinput
i represents the input őle size in Kilobytes (KB), and
ttype
i determines the task category, which in this work is

either delay-sensitive or delay-tolerant. It is worth men-
tioning that while the task size and input őle size are480

often correlated in practice, they describe different as-
pects of a computational job: tinput

i quantiőes the amount
of data transmitted for offloading (communication work-
load), whereas tsizei reŕects the total computational de-
mand (processing workload). This distinction enables a
more accurate modeling of heterogeneous vehicular tasks486

and aligns with prior studies (e.g., [43, 20]) that sepa-
rate communication and computation characteristics in
distributed computing systems. Delay-sensitive tasks are
generated by latency-critical applications, such as autonomous
driving control systems and emergency response mecha-
nisms, where timely decision-making is essential. Delay-492

tolerant tasks arise from computation-intensive applica-
tions, including real-time data analytics and in-vehicle en-
tertainment systems, which require substantial processing
resources but can tolerate longer response times.

The smart vehicle, denoted as s0, has limited compu-
tational power represented by sproc

0 . We assume that local498

processing of tasks by the vehicle incurs no cost. The set of
available servers is denoted as: S = {s1, . . . , sj , . . . , sm}.
Each server sj is characterized by a 4-tuple: sj = {sproc

j ,

sbw
j , scostj , stype

j } where sproc
j represents the processing power

in Million Instructions Per Second (MIPS), sbw
j denotes the

bandwidth in Megabits per second (Mbps), scostj signiőes504

the processing cost of server sj in Grid Dollar per second
(G$ps) and stype

j indicates the server type, which can be
either edge or cloud. In our system, both edge and cloud
servers process computational tasks from various vehicles.

To formalize the task offloading decision process, we

deőne two primary decision variables. The binary vari-510

able xi indicates whether task ti is offloaded (xi = 1) or
processed locally by the vehicle (xi = 0). For offloaded
tasks, yji denotes whether task ti is processed by server sj
(yji = 1) or not (yji = 0). Each task must either be pro-
cessed locally or offloaded, ensuring that xi is binary, i.e.,
xi ∈ {0, 1}. Additionally, if a task is offloaded, it can only516

be processed by one server, requiring yji to be binary as

well, i.e., yji ∈ {0, 1}. These constraints ensure the exclu-
sivity of task assignment, guaranteeing that each task is
either processed locally or offloaded to a single server. Ad-
ditionally, each task must be completed within its speciőed
deadline. Let Ti denote the total time taken to complete522

task ti. The deadline constraint can be formulated as:
Ti ≤ tdeadline

i , for all generated tasks. This ensures that
the total processing time for each task does not exceed its
deadline.

3.2.2. Optimization Problem

In VEC systems, minimizing response time and mone-528

tary cost is crucial. Response time is particularly impor-
tant for delay-sensitive tasks to ensure deadlines are met,
while minimizing monetary cost is essential for users, es-
pecially for computationally intensive tasks that require
affordable service providers.

Response Time: The response time for a task de-534

pends on whether it is processed locally or offloaded. When
a task ti is processed locally by the vehicle, the response
time consists of the local queueing time and the local
processing time. Mathematically, the local response time
T local
i can be expressed as:

T local
i = T queue

i + T process
i (1)

where T queue
i is the local queueing time and T process

i is540

the local processing time. The processing time can be
calculated as:

T process
i =

tsizei

sproc
0

(2)

where tsizei is the number of instructions of task ti, and
sproc
0 is the processing power of the vehicle.

The queueing time depends on the number of tasks
already in the queue and their processing times. The of-546

ŕoading response time T offload
i can be expressed as:

T offload
i = T send

i + T queue
i + T process

i + T receive
i (3)

where T send
i is the sending time to the server, which in-

cludes the transmission time and the propagation time,
T process
i is the processing time at the server, and T receive

i

is the time to receive the result.
The sending time is given by:552

T send
i = T trans

i + T prop
i (4)
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where the transmission time to the server sj can be calcu-
lated as:

T trans
i =

tinput
i

sbw
j

(5)

in which tinput
i is the input őle size of task ti, and sbw

j is the
bandwidth of server sj . It is worth mentioning that the
wireless bandwidth between the vehicle and the base sta-
tion is not modeled explicitly; instead, its effect is implic-558

itly captured within the overall transmission delay. The
propagation time T prop

i depends on the distance between
the vehicle and the server. For edge servers, this delay
is negligible due to their close proximity to the vehicle
[20, 14], while for the cloud server, it is assumed to be a
constant value reŕecting the longer network distance.564

The processing time at server sj is given by:

T process
i =

tsizei

sproc
j

(6)

where sproc
j is the processing power of server sj .

For the queueing time at the server sj , we assume an
M/M/1 queue model. The receiving time T receive

i is typ-
ically negligible due to the smaller size of the results and
the high bandwidth, so it is often ignored in similar works570

[44]. Finally, the response time for task ti is given by:

Ti = xi · T
offload
i + (1− xi) · T

local
i (7)

Ensuring task deadlines are met is crucial, and maxi-
mizing the percentage of tasks meeting their deadlines is
a key performance metric. We deőne a binary variable δi
to indicate whether the deadline for task ti is met. Specif-
ically, δi = 1 if the total response time Ti of task ti is less576

than or equal to its deadline tdeadline
i , and δi = 0 otherwise.

The percentage of tasks meeting their deadlines is cal-
culated as:

ψ =

∑N

i=1 δi
N

× 100 (8)

where ψ represents the percentage of tasks meeting their
deadlines, N is the total number of tasks generated by the
vehicle, and δi is a binary variable indicating whether task582

ti meets its deadline.
Monetary Cost: In our system, the monetary cost

of computational servers varies across epochs and is deter-
mined by service providers based on factors such as traffic
volume, resource availability, energy prices, and other dy-
namic conditions. The cost for processing a task is calcu-588

lated using the server’s unit processing cost and the time
required to complete the task:

Ci = T process
i · scostj · xi (9)

Here, Ci represents the cost of processing task ti on
server sj , where scostj is the unit processing cost of the
server, and T process

i is the processing time. Notably, for
local processing, the cost is zero, as no external computa-594

tional resources are utilized.

It is worth noting that the current cost model primarily
focuses on server-side processing cost to clearly isolate the
impact of offloading decisions on computational resource
utilization. Additional factors such as communication en-
ergy consumption and vehicle-side energy expenditure can600

also inŕuence the overall system cost in practical VEC en-
vironments. However, incorporating these factors would
require detailed physical-layer modeling and application-
speciőc energy proőling, which is beyond the scope of this
work. These aspects are therefore left for future extension
of the model.606

Problem Optimization: The objective of the system
is to jointly minimize the average response time and the
cumulative monetary cost across all generated tasks. The
optimization problem can be formulated as follows:

min α
1

N

N
∑

i=1

Ti + β

N
∑

i=1

Ci (10a)

s.t. Ti ≤ tdeadline
i , ∀i = 1, . . . , N (10b)

xi ∈ {0, 1}, ∀i = 1, . . . , N (10c)

yji ∈ {0, 1}, ∀i = 1, . . . , N, ∀j = 1, . . . ,m (10d)
m
∑

j=1

yji = xi, ∀i = 1, . . . , N (10e)

where α and β are weighting factors reŕecting the rela-
tive importance of response time and monetary cost. The612

response time term is averaged over all tasks to provide
a workload-independent performance metric that remains
comparable across different traffic conditions and task-
generation rates. In contrast, the monetary cost term is
modeled as the cumulative system cost, since the total op-
erational expenditure incurred by offloading decisions is618

itself a key optimization objective in VEC environments.
Constraint (10b) enforces the deadline requirement, en-

suring that each task is completed within its speciőed
deadline to satisfy QoS requirements, particularly for delay-
sensitive applications. Constraint (10c) deőnes the binary
offloading decision variable, indicating whether a task is624

processed locally or offloaded to a computational server.
Constraints (10d) and (10e) guarantee exclusive task as-
signment by ensuring that an offloaded task is allocated
to exactly one server among the available computational
servers.

Given the two types of tasks (delay-sensitive and delay-630

tolerant), the importance weights associated with response
time and monetary cost may differ. At this stage, the op-
timization problem is formulated in its raw form without
normalization to establish a uniőed and generic optimiza-
tion framework. The normalization of response time and
cost terms, along with adaptive adjustment of the weight-636

ing factors α and β, is later incorporated into the PACOB
learning framework to enable balanced and task-aware de-
cision making.

Although the MILP formulation does not explicitly
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include task-type variables, task heterogeneity is implic-
itly captured through the adaptive learning mechanism642

of PACOB. During the learning phase, PACOB dynam-
ically tunes the optimization priorities according to task
characteristics, emphasizing response-time minimization
for delay-sensitive tasks and cost efficiency for delay-tolerant
tasks. This hierarchical integration between the optimiza-
tion formulation and the PACOB framework enables effec-648

tive handling of task diversity while preserving tractability
and scalability.

4. Proposed Solution

In this section, we develop a learning-based task of-
ŕoading algorithm based on MAB theory to optimize task
processing in VEC systems. Our proposed approach en-654

ables the agent to learn the delay and cost performance of
various computing resources and make informed decisions
on where to offload computational tasks, with the goal of
minimizing both expected offloading delay and monetary
cost.

4.1. Overview of UCB Algorithm660

The MAB problem is a classical model in RL, where
an agent needs to choose among a set of actions (or arms)
whose expected rewards are initially unknown and must
be learned progressively through interaction with the en-
vironment. The challenge is to balance exploration (try-
ing out different arms to learn their reward distributions)666

with exploitation (selecting the arm that currently seems
to offer the best reward). In the context of our VEC sys-
tem, each potential offloading destination (local process-
ing, edge server, cloud server) represents an arm in the
MAB. The agent’s task is to learn which option (arm)
provides the best trade-off between delay and cost for each672

task.
The UCB algorithm is a widely used approach in MAB

problems, particularly in scenarios where balancing explo-
ration and exploitation is crucial. UCB works by maintain-
ing an estimate of the expected reward for each arm and
selecting the arm with the highest UCB on the expected678

reward. This approach ensures that the agent explores dif-
ferent options while also exploiting the best-known option
to maximize cumulative rewards.

In the UCB algorithm, the conődence bound for each
arm is calculated based on the mean reward observed so far
and a term that accounts for the uncertainty or variance684

in the estimate. The algorithm selects the arm with the
highest UCB index, which encourages exploration of less
frequently chosen arms, especially in the early stages when
the agent has little information about the environment.

Mathematically, the UCB index for an arm a at time t
is given by:690

A(a, t) = µ̂a(t) + c

√

ln t

Na(t)
(11)

where µ̂a(t) is the estimated mean reward for arm a at
time t, Na(t) is the number of times arm a has been se-
lected up to time t, c is a tunable parameter that controls
the trade-off between exploration and exploitation, and
√

ln t
Na(t)

introduces a logarithmic growth factor, ensuring

that all arms continue to be explored over time.696

In our proposed solution, the agent will utilize an en-
hanced version of the UCB algorithm tailored to the VEC
environment. The vehicle will continuously update its es-
timates of delay and cost for each offloading option and
adaptively choose the best option for each task, consid-
ering the dynamic nature of the network, resource avail-702

ability, monetary cost, and task type. By improving upon
the basic UCB algorithm, we aim to handle the speciőc
challenges of task better offloading in heterogeneous and
rapidly changing VEC systems.

4.2. Challenges of Applying UCB in our VEC System

In this subsection, we highlight the key challenges of708

applying the UCB technique to our VEC system, empha-
sizing the importance of our proposed algorithm which will
be presented in the next subsection.

Diverse Task Types: Our proposed system considers
two types of tasks generated by the smart vehicle: (1)
delay-sensitive tasks, which lose value if not completed714

within their deadlines, and (2) delay-tolerant tasks, which
retain value even if delayed but typically require substan-
tial computational resources. This diversity in task re-
quirements presents challenges for computing UCB values,
as a uniform formula may fail to account for the speciőc
priorities of each task type. For instance, delay-sensitive720

tasks prioritize response time to meet their strict dead-
lines, while delay-tolerant tasks focus on cost efficiency
without compromising their high computational demands.
To effectively manage this diversity, our approach adopts a
tailored UCB calculation, ensuring that the unique charac-
teristics and importance of both task types are adequately726

addressed.
Variable Server Costs: As discussed earlier, the cost

charged by servers for executing instructions varies across
different time periods. A server might be cost-effective at
one epoch but not at another due to changing queue states
and resource availability. Thus, the agent must dynami-732

cally adjust its offloading decisions to maximize cumulative
rewards, which, in this study, represent a balance between
response time and cost.

Fluctuating Server Traffic Patterns: Another signiő-
cant challenge is the variable traffic patterns at servers
over different time slices, a reŕection of real-world scenar-738

ios. The agent must explore the traffic conditions of vari-
ous servers to offload tasks to those with favorable queue
states, ensuring manageable wait times and improved over-
all system performance in terms of response time.

Heterogeneous Edge Servers: The heterogeneity of edge
servers poses another challenge. In the real world, and in744
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our proposed system, the computational and storage ca-
pacities of edge servers vary. For instance, the processing
time for a given task may differ between servers, impacting
response times. Selecting the appropriate server in each
time slice is crucial due to this heterogeneity. Therefore,
in the following section, we present a solution to address750

these challenges.
By identifying and addressing these challenges, our pro-

posed algorithm aims to enhance the performance of task
offloading in VEC systems, ensuring both efficiency and
effectiveness in dynamic and heterogeneous environments.

4.3. Proposed Solution based on UCB756

In this section, we introduce an enhanced UCB-based
algorithm tailored to the speciőc demands of task offload-
ing in VEC systems. To effectively handle task heterogene-
ity, our method employs separate decision-making strate-
gies for delay-sensitive and delay-tolerant tasks by main-
taining two distinct action-value functions (Q-tables). This762

dual-structure enables the algorithm to optimize decisions
based on the unique priorities of each task type. A con-
ceptual overview of this mechanism is illustrated in Fig. 1,
where the two Q-tables are explicitly depicted to reŕect the
system’s differentiated learning and offloading behavior.

To effectively manage the diverse task types in VEC768

systems, where smart vehicles generate both delay-sensitive
and delay-tolerant tasks, we introduce a dual action-value
table, also referred to as a Q-table. Each Q-table is spe-
cialized for one type of task, allowing the agent to learn
and optimize the best offloading decisions based on the
speciőc nature of the task at hand.774

The objective function we aim to minimize is a weighted
sum of the average response time and the total monetary
cost, as expressed in Eq.(10a). Given that the units of
delay and cost differ, we normalize the rewards for both
metrics to ensure a meaningful comparison. The response
time for task ti is normalized as:780

Zresp
i =

Ti
T deadline
i

(12)

The normalized reward for response time is then cal-
culated as:

R̃RT
i =

{

10, if Zresp
i ≤ 1

10
Z

resp

i

, if Zresp
i > 1

(13)

Similarly, the monetary cost for processing task ti is
normalized as:

ZC
i =

Ci

Cmin
i

, (14)

where Cmin
i represents the minimum possible cost of ex-

ecuting task ti across all available computational nodes,786

including edge and cloud servers. This value is determined
by evaluating the execution cost of ti on each server, con-
sidering the task’s size and the known processing cost at

the beginning of each epoch. The agent uses Cmin
i to nor-

malize the actual cost Ci of executing the task, ensuring a
consistent comparison across different offloading decisions.792

The normalized reward for cost is given by:

R̃C
i =

{

10, if ZC
i ≤ 1

10
ZC

i

, if ZC
i > 1

(15)

For each task generated during time slot t, PACOB
updates the Q-value of the selected arm using the following
formula:

Q(t)new = α · R̃RT
i + β · R̃C

i (16)

where α and β are weighting coefficients used to balance
the trade-off between response time and monetary cost,798

with their values dynamically assigned based on the task
type to reŕect its speciőc requirements.

The Q-table is then updated using a weighted moving
average, as follows:

Q(t)updated = w1 ·Q(t)old + w2 ·Q(t)new (17)

where w1 and w2 are positive real-valued coefficients that
determine the inŕuence of the previous and current Q-804

values, respectively, in the Q-table update process, with
w1 + w2 = 1. This weighted moving average mechanism
enables the Q-values to adapt gradually to new environ-
mental conditions while maintaining stability and prevent-
ing abrupt oscillations during online learning.

By implementing two distinct action-value tablesÐone810

for delay-sensitive tasks (Qds) and another for delay-tolerant
tasks (Qdt)Ðour algorithm dynamically adjusts its strat-
egy. This structure enables smart vehicles to make opti-
mal offloading decisions that minimize both response time
and cost while tailoring the decision-making process to the
unique requirements of each task type. This enhanced816

UCB-based algorithm, therefore, effectively addresses the
challenges posed by diverse tasks, variable server costs,
ŕuctuating traffic patterns, and heterogeneous edge servers
in VEC systems.

The pseudo-code of the proposed algorithm is presented
in Algorithm 1. The step-by-step explanation of the al-822

gorithm is as follows.
Step 1. Initialization (Line 1): The algorithm

starts by initializing the set of available arms (At), which
includes the vehicle’s processor and a subset of the compu-
tational servers from the set S. Speciőcally, At = {s0∪S},
where s0 represents the vehicle’s processor, and S denotes828

the set of all edge and cloud servers available for task of-
ŕoading.

Step 2. Q-table Selection (Lines 2-6): The algo-
rithm checks the type of the task ti. If the task is classiőed
as "delay-sensitive", it reads the Q-table speciőc to delay-
sensitive tasks (Qds). If the task is "delay-tolerant", it834

reads the Q-table speciőc to delay-tolerant tasks (Qdt).
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Step 3. UCB Calculation (Lines 7-9): For each
arm available in At, the algorithm calculates the UCB
value using the formula provided in Eq.11.

Step 4. Arm Selection and Task Offloading (Lines
10-11): The arm with the maximum UCB value is se-840

lected as the best option for offloading the task ti. The
task is then offloaded to the selected arm, i.e., a.

Step 5. Performance Measurement (Lines 12-
14): After offloading the task, the algorithm calculates the
response time (Ti) and the monetary cost (Ci) associated
with processing the task on the selected arm. These are846

computed using the respective equations (Eq.7 and Eq.9),
respectively. The response time and cost are then normal-
ized using the provided equations (Eq.13 and Eq.15) to
standardize the reward values.

Step 6. Q-table Update (Lines 15-18): The algo-
rithm updates the Q-table based on the type of task. For852

delay-sensitive tasks, it computes a new Q-value (Q(t)new)
using a weighted sum of the normalized response time re-
ward (RRT

i ) and cost reward (RC
i ), with weights αds and

βds. For delay-tolerant tasks, it similarly computes a new
Q-value with weights αdt and βdt. The Q-table is then
updated by combining the old Q-value (Q(t)old) with the858

new Q-value using a weighted moving average, where w1

and w2 are the weights.
Step 7. Return the selected arm (Line 19): The

algorithm returns the offloading decision and the updated
Q-table to be used in future decisions.

This algorithm enables adaptive task offloading in VEC864

systems by leveraging an enhanced UCB framework that
explicitly distinguishes between delay-sensitive and delay-
tolerant tasks. By maintaining two lightweight and inde-
pendent action-value functions, the proposed approach en-
ables task-speciőc optimization that dynamically adapts to
varying network conditions, server costs, and task require-870

ments. Although the algorithm uses a dual Q-function
structure, each function is updated only when tasks of
the corresponding type are generated. This selective up-
date mechanism ensures minimal computational overhead,
making the method highly suitable for real-time VEC envi-
ronments. The added complexity is linear in the number of876

servers and remains comparable to traditional UCB imple-
mentations. As such, PACOB preserves the fast decision-
making and low complexity characteristics essential for
latency-sensitive vehicular systems, while offering signif-
icantly improved adaptability and performance.

4.4. Computational Complexity and Scalability Analysis882

Since PACOB operates as an online decision-making
algorithm, its computational cost is evaluated on a per-
task basis rather than through a separate offline training
phase. Unlike deep reinforcement learning approaches that
require computationally expensive iterative training pro-
cedures, PACOB incrementally updates its action-value888

estimates online using observed rewards obtained during
runtime interactions with the environment.

Algorithm 1 Proposed PACOB Algorithm for Task Offloading

in VEC Systems

Input: Task ti with attributes, Processing power of vehicle
s
proc
0

, Processing cost of edge servers and cloud server scostj , UCB

parameters αds, βds, αdt, βdt, c, Q-table update parameters w1,
w2, Q-tables Qds, Qdt, and Historical data for previous offloading
decisions
Output: Offloading decision and Updated Q-table

1: Initialize At = {s0} ∪ S, where S = {s1, s2, . . . , sm} is the set of
available computational servers; ▷ Deőne available arms:
vehicle and edge/cloud servers

2: if t
type
i

== "delay-sensitive" then

3: Read Qds; ▷ Use Q-table corresponding to delay-sensitive
tasks

4: else

5: Read Qdt; ▷ Use Q-table corresponding to delay-tolerant
tasks

6: end if

7: for each arm a ∈ At do

8: Compute UCB(a, t) using Eq. 11; ▷ Estimate the upper
conődence bound for each arm

9: end for

10: Select arm a with maximum UCB value; ▷ Choose server with
highest expected reward and conődence

11: Offload task ti to the selected arm a;
12: Compute response time Ti and monetary cost Ci for task ti using

Eqs. 7 and 9, respectively;
13: Normalize reward components (response time and cost) using

Eqs. 13 and 15;
14: if t

type
i

== "delay-sensitive" then

15: Compute Q(t)new = αds × R̃RT
i + βds × R̃C

i ;

16: Update Qds = w1 ×Q(t)old + w2 ×Q(t)new; ▷ Gradually
update the delay-sensitive Q-table

17: else

18: Compute Q(t)new = αdt × R̃RT
i + βdt × R̃C

i ;

19: Update Qdt = w1 ×Q(t)old + w2 ×Q(t)new; ▷ Gradually
update the delay-tolerant Q-table

20: end if

21: Return Offloading decision and Updated Q-table;

For each newly generated task, the algorithm őrst con-
structs the set of available offloading candidates At =
{s0}∪S, where S = {s1, s2, . . . , sm} represents the set ofm
accessible edge and cloud servers, while s0 denotes local ex-894

ecution. For every candidate server a ∈ At, PACOB com-
putes the corresponding UCB score according to Eq. (11)
(Algorithm 1, lines 7ś9), and then selects the server with
the maximum UCB value (line 10). Since the UCB evalu-
ation requires only a single pass over all candidate servers,
the per-task time complexity is O(|At|) = O(m), where m900

denotes the number of available offloading servers. The re-
ward update and Q-table update operations are constant-
time procedures and therefore do not affect the dominant
complexity term.

In terms of memory overhead, PACOB maintains sepa-
rate lightweight Q-tables for different task types. However,906

for each incoming task, only the Q-table associated with
the current task type is accessed and updated. Since each
Q-table stores one action-value entry per server, the over-
all space complexity also scales linearly with the number
of servers, resulting in O(m).

Furthermore, the proposed framework is inherently scal-912

10



able. If additional edge or cloud servers are introduced into
the VEC environment, PACOB only requires extending
the action space and adding the corresponding entries to
the associated Q-table, while the core learning mechanism,
reward formulation, and decision-making process remain
unchanged. Since the computational and memory com-918

plexities grow linearly with the number of available servers,
i.e., O(m), the proposed framework remains computation-
ally efficient even in large-scale VEC environments with
numerous edge servers or high task arrival rates. In addi-
tion, PACOB does not rely on computationally intensive
iterative convergence procedures or deep neural network924

training, which further enhances its practicality for real-
time deployment. These characteristics make PACOB a
lightweight, scalable, and efficient solution for dynamic
large-scale VEC systems requiring rapid online decision-
making.

4.5. Deployment Considerations930

The PACOB framework is intended to run directly on
the vehicle’s onboard computing unit, where offloading
decisions need to be generated with minimal processing
delay. Due to the linear structure of its learning mech-
anism and the use of two compact Q-tables whose size
grows proportionally with the number of available servers,936

the required memory and computational load remain very
low. These characteristics allow PACOB to be deployed
on typical embedded processors commonly used in vehicu-
lar platforms, without demanding specialized hardware or
complex software environments.

4.6. Extensibility of PACOB942

PACOB is designed as a lightweight and modular on-
line learning framework, making it naturally extensible for
dynamic and heterogeneous VEC environments. Unlike
deep reinforcement learning approaches that rely on őxed-
dimensional policy networks and often require costly re-
training procedures when the environment changes, PA-948

COB adopts an online tabular UCB-based learning mech-
anism in which each server is modeled as an independent
action (arm) associated with its own action-value statis-
tics. Consequently, if additional edge or cloud servers
become available, the framework can seamlessly accom-
modate them by incrementally extending the action space954

and adding the corresponding entries to the related action-
value function. Previously learned statistics associated
with existing servers remain reusable, while newly intro-
duced servers are explored and learned online through the
standard UCB explorationśexploitation mechanism. There-
fore, PACOB can dynamically adapt to changes in server960

availability without requiring global retraining, policy re-
design, or modiőcations to the state representation.

Furthermore, PACOB can be readily extended to sup-
port additional task categories beyond the two representa-
tive task types considered in this work. Speciőcally, a dedi-
cated action-value function can be introduced for each new966

task category to capture its speciőc QoS requirements and
optimization objectives. Since the learning processes as-
sociated with different task categories are performed inde-
pendently, extending the framework does not require mod-
iőcations to the core UCB-based learning structure or the
overall decision-making process. Instead, only the reward972

formulation and the corresponding weighting parameters
need to be adjusted according to the characteristics of the
newly introduced task type.

Although the current study focuses on delay-sensitive
and delay-tolerant tasks to maintain analytical clarity and
isolate the impact of the proposed dual-Q-table mecha-978

nism, the modular design of PACOB also provides the
foundation for supporting more őne-grained priority mod-
els and mixed-attribute task proőles in future VEC sys-
tems. Owing to its online incremental learning capabil-
ity and linear computational complexity, PACOB remains
computationally efficient and scalable even in large-scale984

VEC deployments with dynamic server availability and
heterogeneous workloads. As part of future work, we plan
to further investigate the behavior of PACOB under highly
dynamic large-scale scenarios involving őne-grained multi-
priority tasks, mixed QoS requirements, and rapidly chang-
ing vehicular environments.990

Moreover, due to its modular online learning structure,
PACOB can be integrated with complementary privacy-
preserving, trust-aware, and fault-tolerant mechanisms with-
out modifying its core offloading architecture. For in-
stance, reputation-based server selection, secure task au-
thentication, or reliability-aware reward formulations can996

be incorporated into the decision-making process to im-
prove service continuity and security in safety-critical VEC
environments.

5. Performance Evaluation

To evaluate the performance of the proposed algorithm
we design and implement a series of scenarios that simulate1002

various real-world conditions, challenging the algorithm’s
performance across different metrics.

5.1. Simulation Parameters

The implementation and comparison of the proposed
algorithm with baseline algorithms were conducted using
Python within PyCharm. To simulate various scenarios, a1008

Poisson distribution was employed to generate both the
traffic load on different servers and tasks generated by
the vehicle. The speciőcations of the cloud server, edge
servers, and the vehicle are provided in Table 1. Addi-
tionally, the task characteristics are summarized in Table
2.1014

It is important to note that the edge servers are hetero-
geneous, differing in computational power and bandwidth.
However, the cloud server maintains constant computa-
tional power and bandwidth, with only the cost varying
across different time epochs. The simulation duration is
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set to 360 time slots, divided into three equal epochs of 1201020

slots each. Each slot represents one minute, i.e., 60 sec-
onds. Each experiment is repeated 200 times, and the av-
erage of these runs is reported as the őnal result. The task
generation rate by the vehicle, the number of edge servers,
the traffic rates for edge and cloud servers, and other pa-
rameters are conőgured based on the designed scenarios,1026

details of which are provided in the subsequent subsection.
It is worth mentioning that the task-generation process

in our simulations is modeled as a Poisson arrival process,
which is widely adopted in the VEC and MEC literature
to capture the stochastic nature of computational work-
loads [11, 12, 13]. The task-generation rate of the vehicle1032

determines how frequently new computational tasks are
created and submitted for offloading decisions. In con-
trast, the task-generation rate of edge and cloud servers
represent the arrival intensity of background workloads at
these servers, reŕecting the dynamic and time-varying op-
erational conditions of practical VEC environments. To1038

emulate heterogeneous server utilization levels and varying
traffic conditions realistically, the background workload ar-
rival rates are randomly varied between 5 and 25 tasks per
time slot, following workload modeling approaches com-
monly adopted in prior VEC studies [13].

5.2. Scenarios1044

In this subsection, we describe the experimental scenar-
ios designed to evaluate the performance of the proposed
algorithm. Each scenario is tailored to examine speciőc
aspects of the VEC system under various conditions. As
detailed in Table 3, we design őve scenarios as follows:

Scenario-1 focuses on evaluating the impact of the1050

task-generation rate at the vehicle, while keeping the num-
ber of edge servers and the ratio of task types constant.
The tasks generated by the vehicle follow a Poisson arrival
process with adjustable mean rates, enabling the analysis
of PACOB’s adaptability to different task arrival intensi-
ties.1056

Scenario-2 investigates the impact of the number of
edge servers on system performance, while keeping the
task-generation rates and task type proportions őxed. For
each simulation run, the number of available edge servers
is predetermined and provided to the agent at initializa-
tion; hence, the agent does not require retraining when1062

this number varies between scenarios. The background
workload on each edge serverÐrepresenting external ve-
hicular usersÐis also modeled as a Poisson process with
task-generation rates randomly distributed between 5 and
25 tasks per time slot, reŕecting heterogeneous and time-
varying load conditions.1068

Scenario-3 examines the effect of varying the propor-
tion of delay-sensitive and delay-tolerant tasks generated
by the vehicle, with őxed numbers of edge servers and
constant task-generation rates. This scenario highlights
PACOB’s ability to adaptively balance response time and
cost under different workload compositions.1074

Scenario-4 analyzes the impact of varying edge server
costs across epochs while maintaining balanced task type
proportions and őxed task-generation rates. The cost of
each edge server dynamically changes between epochs ac-
cording to Table 5, allowing evaluation of PACOB’s adapt-
ability under ŕuctuating pricing conditions.1080

Scenario-5 evaluates the computational efficiency of
the proposed PACOB framework by measuring the aver-
age per-task execution time of all compared algorithms.
The objective of this experiment is to investigate the com-
putational overhead introduced by the learning and task-
type-aware decision mechanisms of PACOB in real-time1086

VEC environments.
These őve scenarios collectively form a comprehensive

evaluation framework that captures the dynamics of vehic-
ular edge computing environments, including variations in
task generation intensity, network size, workload composi-
tion, and pricing dynamics. This multi-dimensional setup1092

ensures a robust and realistic assessment of the proposed
algorithm’s performance under diverse operational condi-
tions.

5.3. Baseline Algorithms

To demonstrate the effectiveness of the proposed PA-
COB algorithm, we compare its performance with the fol-1098

lowing baseline algorithms:

• Random (RND): For each task ti generated by
the vehicle, this algorithm randomly selects one of
the available arms, including the vehicle itself, edge
servers, or the cloud server, with a uniform distribu-
tion in each round.1104

• Priority-based Heuristic (PBH): This heuris-
tic baseline adopts a deterministic priority-aware of-
ŕoading policy in which all delay-tolerant tasks are
directly offloaded to the cloud server, while delay-
sensitive tasks are sequentially distributed among
the vehicle itself and the available edge servers in a1110

round-robin manner. This approach reŕects a straight-
forward yet effective rule-based mechanism that cap-
tures the basic intuition of priority-driven task as-
signment and serves as a meaningful benchmark for
evaluating the performance of the proposed PACOB
algorithm.1116

• ϵ-greedy: This baseline is implemented following
the strategy in [13]. For each task in time slot t, the
algorithm selects an arm randomly with probability
ϵ = 1/t, and with probability 1 − ϵ, it selects the
arm with the highest Q-value observed so far. The
reward function used in this method is identical to1122

that of the proposed PACOB algorithm, jointly con-
sidering normalized response time and monetary cost
as deőned in Eq. 16. However, unlike PACOB, this
method maintains a single Q-table shared among all
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Table 1: Speciőcations of computational environment

Resource Type Computational Power Bandwidth Cost Propagation Time
Edge Servers [4000 - 10000] MIPS [70 - 100]% × 10 Mbps [0.04 - 0.1] G$/s 0 ms
Cloud Server 40000 MIPS 10 Mbps [0.01 - 0.05] G$/s 200 ms
Vehicle 500 MIPS - - -

Table 2: Speciőcations of tasks generated by the vehicle

Task Type Parameter Value

Delay-
sensitive

Task Size [200 - 4000] MI
Deadline [200 - 1000] ms
Input File Size [1000 - 5000] KB

Delay-
tolerant

Task Size [2000 - 40000] MI
Deadline [1000 - 10000] ms
Input File Size [2000 - 10000] KB

tasks, meaning that the agent does not differenti-
ate between delay-sensitive and delay-tolerant task1128

types when making offloading decisions.

• UCB: The Upper Conődence Bound (UCB) algo-
rithm is implemented following the standard single
Q-table formulation described in [45]. For each task
arriving at time slot t, the algorithm selects the arm
a with the maximum UCB value A(a, t), where the1134

exploration coefficient c is set to 2. The reward func-
tion employed in this baseline is identical to that
used in the proposed PACOB algorithm, jointly con-
sidering normalized response time and monetary cost
as deőned in Eq. 16. Unlike the proposed PACOB
framework, which employs separate Q-tables for dif-1140

ferent task categories (delay-sensitive and delay-tolerant)
to capture their distinct optimization objectives, the
baseline UCB maintains a single shared Q-table for
all tasks. Consequently, it does not distinguish be-
tween task types when updating Q-values or select-
ing actions, treating all tasks uniformly regardless1146

of their latency or cost sensitivity. Therefore, this
baseline effectively represents PACOB without the
proposed dual Q-table mechanism, enabling a direct
ablation analysis of its contribution to the overall
system performance.

• Proposed PACOB: The proposed PACOB algo-1152

rithm extends the standard UCB framework by in-
troducing task-type awareness and dual Q-tables for
delay-sensitive and delay-tolerant tasks. Similar to
the baseline UCB algorithm, the exploration coeffi-
cient is set to c = 2, which provides a balanced trade-
off between exploration and exploitation. Due to the1158

nature of delay-tolerant tasks, the arm correspond-
ing to the vehicle itself is excluded for these tasks,
resulting in faster convergence of the learning pro-
cess. The Q-table is updated using a weighted mov-
ing average of the old and new Q-values. Through
extensive sensitivity analysis, the best performance1164

was obtained with w1 = 0.8 and w2 = 0.2, where
w1 and w2 determine the inŕuence of historical and
current rewards, respectively. This setting enables

smooth convergence and prevents abrupt oscillations
during learning. For determining the weighting fac-
tors αds and αdt (and hence βds and βdt), we per-1170

formed a sensitivity analysis whose results are shown
in Table 4. The experiments were conducted under
Scenario-1 (as detailed in Table 3) with a task gen-
eration rate of 10, consistent with other scenarios.
Based on the results, α = 0.7 was selected for both
task types, achieving an effective balance between1176

response time and cost optimization.

To ensure a fair and meaningful comparison, the ϵ-
greedy and UCB algorithms were implemented under iden-
tical parameter conőgurations and reward formulations as
PACOB, differing only in their Q-table structures. Ad-
vanced DRL- or game-theoretic-based methods were not1182

included as baselines due to their high computational and
memory requirements, slow convergence, and centralized
coordination needs, which make them impractical for real-
time and distributed vehicular environments. Instead, PA-
COB emphasizes lightweight, fast-adapting decision-making
suitable for on-board deployment in resource-constrained1188

vehicles.

5.4. Metrics

To evaluate the performance of the algorithms, we con-
sider three key metrics: the average response time, the
total monetary cost of task execution, and the Percent-
age of Deadline-Satisőed Tasks (PDST). PDST measures1194

the proportion of tasks that are successfully completed
within their speciőed deadline constraints and is widely
used to evaluate QoS satisfaction in VEC environments
[46, 47]. These metrics are reported separately for both
delay-sensitive and delay-tolerant tasks to clearly demon-
strate the behavior and effectiveness of the algorithms for1200

different task categories. This evaluation methodology en-
ables a comprehensive assessment of the proposed frame-
work under diverse QoS requirements and operating con-
ditions.

5.5. Results and Discussion

In this section, we present the results of the designed1206

scenarios and provide an in-depth analysis to highlight the
strengths and weaknesses of the proposed approach.

1) Scenario-1 (Impact of Task Generation Rate in the
Vehicle): This scenario examines the impact of varying
the vehicle’s task generation rate, ranging from 5 to 25
tasks per time slot, on system performance. As shown in1212

Fig. 2, increasing the task generation rate leads to higher
response time and monetary cost while decreasing PDST
across all algorithms due to intensiőed competition for
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Table 3: Details of designed scenarios

Scenario # of
Edge
Servers

% of Delay-
sensitive
Tasks

% of Delay-
tolerant
Tasks

Task Gener-
ation Rate
(Vehicle)

Task Gen-
eration
Rate (Edge
Servers)

Task Gen-
eration
Rate (Cloud
Server)

Objective

Scenario-1 5 50% 50% [5-25] [5-25] 20 Impact of Task Gener-
ation Rate in the Vehi-
cle

Scenario-2 [2-8] 50% 50% 10 [5-25] 20 Impact of Number of
Edge Servers

Scenario-3 5 [0-100]% [0-100]% [5-25] [5-25] 20 Impact of Task Type
Generation Rate in the
Vehicle

Scenario-4 5 50% 50% 10 [5-25] 20 Impact of Changing
Cost in Edge Servers
per Epoch

Scenario-5 5 50% 50% 10 [5-25] 20 Runtime Performance
Evaluation Across Al-
gorithms

Table 4: Sensitivity analysis of α across different task categories

delay-sensitive tasks delay-tolerant tasks
α Response

Time (ms)
Cost ($) PDST (%) Response

Time (ms)
Cost ($) PDST (%)

0.4 745.05 20.47 75.03 1772.51 68.69 89.12
0.5 670.93 22.87 77.45 1510.90 77.52 92.65
0.6 570.30 22.90 79.12 1472.10 85.80 93.46
0.7 490.52 23.40 82.70 1360.52 86.54 94.50
0.8 480.90 24.18 84.00 1220.79 92.32 94.75
0.9 460.45 24.68 84.35 1152.90 100.20 95.04
1.0 450.09 25.05 84.46 1095.12 100.62 95.28

computational resources. Nevertheless, Figs. 2a and 2c
demonstrate that the proposed PACOB algorithm consis-
tently achieves superior response time and PDST com-1218

pared to all baseline algorithms. This improvement stems
from PACOB’s adaptive learning mechanism, which con-
tinuously identiőes and selects edge servers with lower la-
tency and lighter workloads for delay-sensitive tasks. Un-
like ϵ-greedy and standard UCB approaches that main-
tain a single shared action-value function for all task cat-1224

egories, PACOB employs a dedicated Q-table for delay-
sensitive tasks. This task-speciőc learning structure en-
ables the algorithm to focus exclusively on latency-oriented
reward patterns and rapidly learn more suitable offload-
ing decisions for stringent real-time requirements, result-
ing in lower response times and higher deadline satisfaction1230

rates. Although the PBH algorithm always offloads delay-
sensitive tasks to edge servers, it still exhibits higher re-
sponse time and lower PDST than PACOB. This is mainly
because PBH distributes tasks among edge servers using
a deterministic round-robin strategy without considering
server occupancy, queue lengths, or instantaneous work-1236

load variations. Consequently, some delay-sensitive tasks
may be assigned to overloaded edge servers, resulting in in-
creased queuing delay and degraded latency performance.
In contrast, PACOB learns to avoid persistently congested
servers by favoring offloading actions that historically yield
higher rewards. This adaptive learning behavior not only1242

reduces the average response time but also improves dead-
line satisfaction for delay-sensitive tasks.

Regarding the monetary cost results shown in Fig. 2b,
PBH incurs the highest overall cost since all delay-sensitive

tasks are executed exclusively on edge servers, whose ser-
vice cost is generally higher than cloud processing. In com-1248

parison, the learning-based approaches (UCB, ϵ-greedy,
and PACOB) can ŕexibly offload a portion of tasks to the
cloud whenever such decisions provide a better latency-
cost trade-off. Although PACOB incurs a slightly higher
cost than UCB and ϵ-greedy due to its stronger prefer-
ence for low-latency edge execution, this additional cost1254

remains moderate and is justiőed by the signiőcant gains
in response time and deadline satisfaction. Speciőcally,
PACOB achieves approximately 35% lower response time
while increasing the monetary cost by only about 25%
compared to standard UCB. These results conőrm the ef-
fectiveness of PACOB in balancing latency and cost for1260

delay-sensitive task management in dynamic VEC envi-
ronments.

Figs. 2d to 2f present the performance comparison for
delay-tolerant tasks under Scenario-1. As observed in the
experiments, the proposed PACOB algorithm consistently
outperforms both UCB and ϵ-greedy baselines across all1266

metrics, demonstrating markedly superior adaptability to
varying task arrival rates. Speciőcally, PACOB achieves
up to 82% improvement in average response time, 75%
reduction in monetary cost, and a 30% increase in PDST
compared with the second-best performing algorithm. These
signiőcant gains are attributed to its dual Q-table learn-1272

ing mechanism, which enables the agent to distinguish
between task categories and make type-aware offloading
decisions, thereby optimizing both latency and cost si-
multaneously. Compared with the PBH method, PACOB
achieves a closely comparable monetary cost, since both
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approaches predominantly offload delay-tolerant tasks to1278

the cloud server to beneőt from its lower processing cost.
However, under high workload conditions, cloud conges-
tion and queuing delays may increase signiőcantly. In
such cases, PACOB adaptively offloads a subset of delay-
tolerant tasks to relatively less-loaded edge servers to alle-
viate cloud-side queuing delay and improve overall respon-1284

siveness. Although executing these tasks on edge servers
slightly increases the monetary cost due to their higher
service prices, this trade-off results in noticeably lower re-
sponse time and higher PDST. It is important to note that
PDST reŕects the percentage of tasks completed before
their deadlines rather than only the average response time.1290

Therefore, even when PACOB and PBH exhibit relatively
similar average latency values, PBH may still experience
more deadline violations because its static cloud-oriented
policy can create temporary congestion and long queue-
ing delays for a subset of tasks. In contrast, PACOB’s
adaptive learning mechanism mitigates such congestion ef-1296

fects by dynamically balancing the workload across avail-
able servers, thereby improving deadline satisfaction per-
formance.

Overall, the results conőrm that PACOB achieves the
most balanced trade-off between response time, monetary
cost and successful task completion for both delay-sensitive1302

and delay-tolerant workloads. Its task-type-aware learning
framework enables adaptive and efficient decision-making
across diverse operating conditions, leading to superior
scalability and robustness compared with deterministic or
single-table learning baselines.

2) Scenario-2 (Impact of Number of Edge Servers):1308

This scenario evaluates how increasing the number of edge
servers from 2 to 8 affects the overall system performance.
As shown in Figs. 3aś3c, with more available edge servers,
all algorithms beneőt from reduced response time and im-
proved PDST due to the increased computational capac-
ity. However, the proposed PACOB algorithm consistently1314

outperforms all baselines in terms of latency and PDST,
owing to its dual Q-table learning mechanism, which al-
lows more focused and type-speciőc optimization for delay-
sensitive tasks. Unlike UCB and ϵ-greedy, which use a
single shared Q-table and occasionally offload some delay-
sensitive tasks to the cloud due to limited learning pre-1320

cision, PACOB correctly learns to prioritize nearby edge
servers that minimize latency. This targeted offloading
slightly increases the monetary cost (Fig. 3b) compared to
UCB and ϵ-greedy, as edge processing is inherently more
expensive. Nevertheless, this additional cost results in sub-
stantial quality-of-service improvement. Compared with1326

the deterministic PBH method, PACOB achieves signiő-
cantly better performance across all metrics, since PBH
lacks adaptive learning and always distributes tasks uni-
formly across edge servers, whereas PACOB dynamically
selects lower-cost and less-loaded servers, ensuring efficient
resource utilization and higher service quality.1332

Figs. 3dś3f illustrate the results for delay-tolerant tasks.
The proposed PACOB algorithm again demonstrates su-

perior adaptability compared to learning-based baselines,
achieving up to 88% lower response time and 75% cost re-
duction relative to UCB. These gains are a direct outcome
of its dual Q-table structure, which enables separate learn-1338

ing for delay-tolerant tasks and allows the agent to identify
optimal offloading choices to minimize cost while main-
taining acceptable latency. Compared to PBH, the per-
formance of PACOB is relatively close because both tend
to offload most delay-tolerant tasks to the cloud, which
offers high computational power at low cost. However,1344

as the number of edge servers increases, PACOB dynami-
cally offloads a small portion of these tasks to low-cost edge
servers to prevent potential queuing delays in the cloud.
This adaptive behavior leads to slightly higher costs than
PBH but results in noticeably better response times and
higher PDST, particularly under heavier workloads.1350

Overall, increasing the number of edge servers enhances
performance for all algorithms, but the proposed PACOB
achieves the most balanced trade-off between latency, cost,
and reliability. Its ability to learn task-typeśspeciőc poli-
cies enables intelligent adaptation to changing system re-
sources. By prioritizing delay-sensitive tasks for low-latency1356

execution at the edge and ŕexibly assigning delay-tolerant
tasks between the cloud and edge, PACOB maintains effi-
cient operation and consistent service quality. These őnd-
ings conőrm its effectiveness and scalability in dynamic
and heterogeneous VEC environments.

3) Scenario-3 (Impact of Task Type Generation Rate1362

in Vehicle): In this scenario, we investigate the impact of
varying the proportion of delay-sensitive and delay-tolerant
tasks generated by the vehicle. The percentage of delay-
sensitive tasks increases from 0% to 100%, with the re-
maining share assigned to delay-tolerant tasks. As shown
in Figs. 4aś4c, increasing the proportion of delay-sensitive1368

tasks leads to higher average response time and monetary
cost, while PDST slightly decreases across all algorithms.
This behavior occurs because the computational capac-
ity of edge servers remains constant, causing congestion
and queuing delays as more delay-sensitive tasks compete
for limited low-latency resources. Compared to UCB and1374

ϵ-greedy, the proposed PACOB algorithm achieves sub-
stantially lower response time and higher PDST, while its
cost increase remains marginal. This demonstrates PA-
COB’s ability to deliver superior QoS for delay-sensitive
tasks with only a slight cost overhead. In contrast, the
PBH method performs considerably worse in all metrics,1380

as it blindly allocates all delay-sensitive tasks among edge
servers without adaptive learning. By intelligently select-
ing less-loaded and lower-cost servers, PACOB reduces re-
sponse time and monetary cost by approximately 78% and
65%, respectively, compared to PBH, conőrming the clear
beneőts of its learning-based design.1386

Figs. 4dś4f present the results for delay-tolerant tasks.
The proposed PACOB algorithm again shows a remark-
able advantage over the learning-based baselines, achiev-
ing consistently lower response time, higher PDST, and
lower monetary cost. Compared with PBH, the two meth-
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Figure 2: Simulation results for Scenario-1

ods display similar latency behavior since both primarily1392

offload delay-tolerant tasks to the cloud. However, as the
proportion of delay-tolerant tasks increases, PBH achieves
slightly lower cost because it offloads all such tasks di-
rectly to the cloud, which offers lower processing prices. In
contrast, PACOB strategically offloads a fraction of delay-
tolerant tasks to low-cost edge servers to maintain load1398

balance and meet task deadlines. This adaptive mech-
anism leads to a minor cost increase but provides supe-
rior response time and deadline satisfaction under heavier
workloads.

Overall, these results conőrm the robustness and adapt-
ability of the proposed PACOB algorithm under varying1404

task-type distributions. Unlike the baselines, which ap-
ply uniform or static offloading strategies, PACOB dy-
namically balances latency and cost objectives across het-
erogeneous task types. Its dual Q-table framework al-
lows independent learning for delay-sensitive and delay-
tolerant tasks, enabling intelligent and context-aware of-1410

ŕoading that preserves service quality and cost-efficiency
even when task composition changes signiőcantly. This ro-
bustness under dynamic task distributions highlights PA-
COB’s suitability for real-world vehicular edge computing
environments.

4) Scenario-4 (Impact of Changing Cost in Edge Servers1416

per Epoch): In this scenario, we investigate how dynamic
pricing in edge servers across different epochs affects the
performance of various task offloading algorithms. Specif-

ically, the processing cost of edge servers ŕuctuates at the
beginning of each epoch, while the cloud server’s cost re-
mains constant throughout the simulation. This setup re-1422

ŕects real-world conditions where edge service providers
may adjust pricing based on network congestion, resource
availability, or demand surges. The speciőc processing
costs of each edge server in different epochs are detailed in
Table 5. Fig. 5 shows the behavior of the proposed algo-
rithm compared to the baselines. It is important to note1428

that the results for the Random and PBH algorithms are
not included in the presented őgures. This exclusion is jus-
tiőed because these algorithms lack learning mechanisms
and are inherently unaware of the dynamic changes in edge
server costs. Consequently, they cannot adapt their task
offloading strategies in response to ŕuctuating server costs,1434

making their performance less relevant for this analysis.
As illustrated in Figs. 5a to 5c, the proposed PACOB algo-
rithm demonstrates a superior capability in identifying and
offloading more tasks to the edge server with the lowest
processing cost during each epoch. This adaptive behav-
ior stems from the algorithm’s design, which emphasizes1440

recent rewards when making offloading decisions. Specif-
ically, according to Equation (17), the algorithm dynam-
ically updates the Q-values by assigning greater impor-
tance to the most recent feedback. As a result, when the
cost of a particular edge server decreases, its correspond-
ing reward gradually increases, encouraging the algorithm1446

to offload more tasks to that server over time. This mech-
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Figure 3: Simulation results for Scenario-2

anism enables PACOB to effectively adapt to cost vari-
ations and exploit cost-efficient edge resources. Another
notable observation from the őgures is that the proposed
PACOB algorithm consistently offloads more tasks to the
cloud server compared to the standardϵ-greedy and UCB1452

algorithms. This behavior can be attributed to the fact
that for delay-tolerant tasks, the cloud server often offers
a more cost-effective and lower-latency offloading option.
The algorithm intelligently recognizes this advantage and
leverages the cloud infrastructure to optimize overall per-
formance, especially when edge server costs are relatively1458

high or unstable.

Table 5: The cost of each edge server in each epoch.

ES1 ES2 ES3 ES4 ES5

Epoch 1 0.04 0.07 0.08 0.09 0.1

Epoch 2 0.08 0.07 0.04 0.09 0.1

Epoch 3 0.1 0.07 0.08 0.09 0.04

5) Scenario-5 (Runtime Performance Evaluation Across
Algorithms): Fig.6 presents the average per-task runtime
of the evaluated algorithms. As expected, the simple heuris-
tic approaches, namely RND and PBH, exhibit the lowest
execution overhead due to their minimal decision-making1464

logic and absence of learning operations. In contrast, the

learning-based methods incur moderately higher runtime
because of the additional reward evaluation and action-
selection computations. Among them, PACOB introduces
a slightly higher overhead than standard UCB and ϵ-greedy
owing to its dual Q-table structure and task-type-aware1470

decision process. Nevertheless, the average runtime of PA-
COB remains very low (approximately 12.5 ms per task),
demonstrating that the proposed framework preserves lightweight
online decision-making characteristics suitable for real-time
VEC environments. These results conőrm that the addi-
tional intelligence and adaptability introduced by PACOB1476

are achieved with only a modest computational overhead,
making the framework practical even for latency-sensitive
vehicular applications requiring rapid offloading decisions.

6. Conclusion and Future Work

In this paper, we introduced the PACOB algorithm, an
adaptive task offloading strategy speciőcally designed for1482

VEC environments. The key innovation of the proposed
method lies in its distinct handling of delay-sensitive and
delay-tolerant tasks through the use of two separate Q-
tables. This structure enables the algorithm to effectively
optimize task-speciőc objectivesÐminimizing response time
for delay-sensitive tasks and reducing monetary costs for1488

computation-intensive delay-tolerant tasks. By incorpo-
rating task-speciőc learning, the algorithm achieves more
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Figure 4: Simulation results for Scenario-3

intelligent and efficient offloading decisions, balancing per-
formance and cost trade-offs. The effectiveness of the pro-
posed PACOB algorithm was rigorously evaluated against
four baseline algorithmsÐRandom, PBH, ϵ-greedy, and1494

the standard UCBÐacross various simulation scenarios.
The results demonstrated that the PACOB algorithm sig-
niőcantly improves the QoS for delay-sensitive tasks by re-
ducing response time and increasing the PDST. Although
the monetary cost for delay-sensitive tasks was slightly
higher compared to the ϵ-greedy and standard UCB al-1500

gorithms, this increase is justiőed by the substantial im-
provement in service quality. For delay-tolerant tasks, the
proposed algorithm consistently outperformed all compet-
ing methods in terms of response time, cost efficiency, and
PDST, showcasing its superior adaptability and effective
resource management. Looking ahead, several promis-1506

ing directions can be pursued to further enhance the pro-
posed algorithm. One potential extension of this work is
the integration of communication and vehicle-side energy
consumption into the decision-making framework. Incor-
porating these factors would enable a more comprehen-
sive energy-aware optimization that jointly considers la-1512

tency, monetary cost, and energy efficiency, which is par-
ticularly important for battery-constrained vehicular envi-
ronments and real-world VEC deployments. Additionally,
extending PACOB to incorporate security- and privacy-
aware decision mechanisms, while enabling collaborative

offloading through voluntary computational contributions1518

from nearby vehicles, can substantially enhance system
scalability, trustworthiness, and fault tolerance in future
VEC deployments. Another promising direction is the
adaptation of the PACOB algorithm for deployment in
serverless and event-driven computing environments, al-
lowing for dynamic resource provisioning in decentralized1524

systems. Furthermore, the development of self-adaptive
mechanisms for tuning key algorithm parameters in real-
time could enhance decision-making under dynamic net-
work conditions. Finally, implementing and validating the
proposed algorithm in real-world vehicular environments
using trace-driven mobility models and realistic commu-1530

nication patterns represents a promising direction for fu-
ture work. Such an evaluation would offer deeper insights
into PACOB’s practical effectiveness under dynamic net-
work conditions and help address open challenges related
to system scalability, security, and operational robustness.
By pursuing these research directions, the proposed PA-1536

COB algorithm can be further reőned to meet the evolving
demands of intelligent transportation systems and next-
generation vehicular networks.
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