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Caching-Assisted Collaborative Task Offloading for
Vehicular Edge Computing: A Deep Reinforcement
Learning-Based Approach

Chaogang Tang
and Ruidong Li

Abstract—Collaborative task offloading in vehicular edge com-
puting (VEC) primarily emphasizes the diversity of offloading des-
tinations, such as cloud centers, roadside units (RSUs), and other
entities with underutilized resources. However, it often neglects the
collaborative potential among vehicles whose tasks are associated
with the same service. In this paper, we propose a collaborative task
offloading strategy from the perspective of vehicles with offloading
requests. Vehicles collectively accomplish task offloading by divid-
ing responsibilities for specific service component offloading. To en-
hance the performance of the VEC system, we introduce a caching-
assisted collaborative task offloading strategy. An optimization
problem is formulated to minimize the response latency of tasks in
VEC. Due to the complexity of solving this Mixed Integer Nonlin-
ear Programming (MINLP) problem, we decompose it into three
subproblems: the Task Offloading and Service Caching (TOSA)
problem, the Computing Resource Allocation (RA) problem, and
the Service Component Assignment (CA) problem. We address
the RA problem using a Lagrangian duality-based approach, solve
the CA problem with a heuristic algorithm, and tackle the TOSA
problem using a Proximal Policy Optimization (PPO)-based deep
reinforcement learning (DRL) algorithm. Extensive simulations are
conducted to evaluate the performance of the proposed strategy.
The simulation results demonstrate that our solution outperforms
existing methods in multiple dimensions, including convergence
rate, average response latency, and task success rate.

Index Terms—Vehicular edge computing, collaborative offloa-
ding, service caching, resource allocation, deep reinforcement
learning.

Received 5 November 2025; revised 28 December 2025; accepted 30 Decem-
ber 2025. Date of publication 5 January 2026; date of current version 7 May 2026.
This work was supported in part by the Emerging Frontiers Cultivation Program
of Tianjin University Interdisciplinary Center, Natural Science Foundation of
Tianjin under Grant 25JCYBJCO01540, in part by the National Natural Science
Foundation of China under Grant 62071327, and in part by Tianjin Science and
Technology Planning Project under Grant 22ZYYYJC00020. Recommended
for acceptance by C. Lin. (Corresponding author: Huaming Wu.)

Chaogang Tang and Shucai Wang are with the School of Computer Science
and Technology/School of Artificial Intelligence, China University of Mining
and Technology, Xuzhou 221116, China, and also with the Mine Digitization
Engineering Research Center of the Ministry of Education, Xuzhou 221116,
China (e-mail: cgtang@cumt.edu.cn; ts24170120p31 @cumt.edu.cn).

Huaming Wu is with the Center for Applied Mathematics, KL-AAGDM,
Tianjin University, Tianjin 300072, China (e-mail: whming @tju.edu.cn).

Ruidong Li is with the Institute of Science and Engineering, Kanazawa
University, Kanazawa 920-1192, Japan (e-mail: liruidong @ieee.org).

Digital Object Identifier 10.1109/TMC.2025.3650617

, Member, IEEE, Shucai Wang
, Senior Member, IEEE

, Huaming Wu'?, Senior Member, IEEE,

I. INTRODUCTION

ITH the rapid development of intelligent transporta-
Wtion systems, smart vehicles are demonstrating supe-
rior competitiveness over traditional fuel vehicles in terms of
intelligence, interactivity, design aesthetics, and infotainment
capabilities [1]. The tasks generated by smart vehicles are also
becoming increasingly complex with respect to task diversity,
data volume, and requirements for computing resources. Some
computationally intensive and delay-sensitive vehicular tasks
will pose significant challenges to the limited computing ca-
pacity of vehicles. Thus, local task execution may prolong the
response latency and contradict the pursuit of the ultra-low
latency experience.

Against this backdrop, Vehicular Edge Computing (VEC) has
emerged as an effective solution to tackle the aforementioned
challenge, enabling the offloading of resource-intensive tasks
from vehicles to edge servers, such as Roadside Units (RSUs).
Current research predominantly centers on optimizing indepen-
dent offloading in VEC. For instance, individual vehicles may
perform a portion of computations locally while offloading the
remaining tasks to the edge node through partial offloading.
Meanwhile, vehicles can opt to offload the entire task to the
edge node through binary offloading. In addition, collaborative
task offloading schemes have been widely investigated in recent
years [2], [3], [4], [5]. These studies primarily focus on the
diversity of offloading destinations, including cloud centers,
network edges, and other entities with underutilized resources.
Utilizing the dispersed resources of these entities can indeed
enhance the performance of VEC systems. Nevertheless, few
studies have examined collaborative task offloading in VEC
from the perspective of smart vehicles. Actually, vehicles can
collectively accomplish task offloading when their tasks are
associated with the same vehicle service. Here, vehicle ser-
vice refers to software-defined functional modules that enable
specific in-vehicle capabilities, e.g., route planning or real-time
safety analytics. The rapid proliferation of smart vehicles has led
to asignificant increase in the number of vehicles associated with
the same service. Collaborative task offloading, where each ve-
hicle is responsible for offloading specific service components,
can effectively reduce the offloading latency, thereby improving
the performance of VEC systems.
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On the other hand, service caching has gained considerable
attention in recent years [6], [7], [8]. By caching services, such
as executable programs and related databases, at the network
edge, vehicular tasks can be offloaded to the edge server instead
of being executed in the remote cloud center. Caching-assisted
task offloading in VEC not only relieves the burden of the
front-haul links between RSU and vehicles, but also drastically
reduces the response latency of tasks [9]. However, for tasks
whose associated services are not cached on the server, the
response latency does not significantly decrease. Generally, the
performance improvement achieved through service caching
may be compromised, particularly when the number of cached
services or the caching capacity of the edge server is limited.

To address the limitations of caching-based task offloading in
VEC, we propose integrating the strengths of service caching
and collaborative task offloading to further enhance the perfor-
mance of VEC systems. Particularly, a collaborative task of-
floading strategy is used for tasks whose associated services are
not cached at the edge server. By doing so, the offloading latency
for these tasks can be reduced, thereby achieving performance
comparable to that of tasks whose associated services are cached
at the RSU. In this paper, we propose a caching-assisted collab-
orative task offloading strategy for VEC, which not only caters
to the inherent mobility patterns and resource heterogeneity of
vehicular networks but also strives to meet the stringent demands
of high-real-time VEC scenarios.

The proposed task offloading strategy in this paper involves
four different decision variables: the offloading policy that de-
termines which tasks should be offloaded, the caching policy
that specifies which services should be cached, the component
assignment policy that identifies which component should be
offloaded by which vehicles, and the computing resource allo-
cation policy that dictates how the computing resources of edge
server should be distributed among these offloaded tasks. The
goal of this paper is to minimize the overall response latency for
all vehicular tasks in the VEC system, by jointly optimizing the
offloading policy, caching policy, component assignment, and
computing resource allocation policies. In summary, the major
contributions of this paper are outlined as follows.

e We put forward a caching-assisted collaborative task of-
floading framework for VEC. In this framework, for tasks
whose associated services are cached at the edge server,
vehicles only need to offload the task-input data. For tasks
whose associated services are not cached at the edge server,
vehicles requesting the same service collaboratively ac-
complish task offloading by dividing the workload, where
each vehicle is responsible for offloading specific compo-
nents in parallel.

e We formulate an optimization problem to minimize the
overall response latency in the VEC system. This problem
is essentially a Mixed Integer Nonlinear Programming
(MINLP) problem, which is inherently difficult to solve
directly due to its complexity. To address this challenge, we
decompose it into three subproblems: the Task Offloading
and Service Caching (TOSA) problem, the Computing
Resource Allocation (RA) problem, and the Service Com-
ponent Assignment (CA) problem.
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¢ The RA problem is a convex optimization problem, and we
employ a Lagrangian duality-based method to determine
the optimal resource allocation policy. The CA problem is
an NP-hard problem, and we propose a heuristic algorithm
to address it. Finally, we develop a greedy PPO algorithm
to solve the TOSA problem, where we use a greedy rule
to guide service caching and leverage a PPO-based Deep
Reinforcement Learning (DRL) algorithm to determine the
task offloading profile.

e We conduct extensive simulations to evaluate the perfor-
mance of the proposed caching-assisted collaborative task
offloading strategy. Through comparative analysis with
several baseline strategies, our solution outperforms them
in multiple dimensions, e.g., convergence rate, average
response latency, and task success rate.

The subsequent sections of this paper are structured as fol-
lows: A comprehensive review of the state-of-the-art literature
on this topic is provided in Section II. Section III presents the
system model, while Section IV formulates the optimization
problem. The algorithm design is presented in Section V, fol-
lowed by the numerical evaluation in Section VI. Finally, the
conclusion comes in Section VII.

II. RELATED WORK

Most of the state-of-the-art works on this topic focus on en-
hancing the performance of edge computing systems, including
VEC [10], Mobile Edge Computing (MEC) [11], and Aerial
Edge Computing (AEC) [12], by optimizing task offloading,
resource allocation, service caching, and deployment, among
other aspects.

A. Caching Assisted Task Offloading Approaches

To reduce the latency in service caching, a collaborative
caching framework involving multiple edge servers was pro-
posed in [13]. This framework targets multiple objectives, in-
cluding optimizing task response latency and service deploy-
ment latency. By leveraging Lyapunov optimization theory,
the authors formulated a long-term optimization problem and
transformed it into a per-slot optimization problem.

To address the challenges in deploying latency-sensitive ser-
vices due to mobile data traffic, Zhang et al. [15] proposed
using UAVs as auxiliary edge nodes to provide computation and
caching services for terminal devices. Considering the fact that
the effectiveness of caching is often limited by a low hit rate and
significant network delays, the authors in [16] leveraged vehicle
function features and transportation correlations to tackle the
caching problem. They formulated a service caching problem
and designed two caching strategies to solve it.

To enhance the performance of the VEC system, Cheng et
al. [17] utilized idle resources from vehicles and cache services
at both RSU and vehicles. They formulated a joint optimization
problem for task offloading and service caching in VEC, aiming
to minimize task processing delays and related costs. A sub-
optimal algorithm was designed to tackle this NP-hard problem.

Vehicles can serve as the offloading destinations by caching
the required services (i.e., service vehicles). The high mobility
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of vehicles makes the task processing timea critical performance
metric for evaluating the VEC system. Hence, Gao et al. [18]
put forward a task offloading and service caching problem in
VEC, aiming to minimize the response latency while adhering to
long-term energy consumption constraints. UAV-assisted MEC
utilizes UAVs as the resource providers to improve the response
latency of the MEC system. Following this rule, Zhao et al. [7]
considered UAVs as both caching and computation nodes to
satisfy the complex requirements of user equipment. A joint
optimization for content cache, service placement, and task
offloading was formulated, with the objective of maximizing
the Quality of Experience (QoE).

The explosive growth of vehicular applications makes it pos-
sible that computation results can be reused. To improve the
efficiency of task offloading, a content caching-assisted frame-
work was put forward in [19], where a DRL-based edge caching
scheme was proposed and a graph attention convolution kernel
was integrated to abstract the features of entities.

B. Collaborative Task Offloading Approaches

Collaborative task offloading in edge computing environ-
ments mainly focuses on the diversity of offloading destina-
tions [27], [28]. For instance, Chen et al. [20] underlined the
cooperation between UAVs and vehicles, where tasks with mul-
tidimensional goals are assigned with optimal resources. To re-
duce the matching complexity, they proposed a clustering-based
approach to address the problem, and the simulation results
demonstrate the effectiveness of the strategy.

Li et al. [4] investigated the joint optimization of task of-
floading and resource allocation problems in small-cell MEC.
They tried to optimize energy consumption for all the user
devices, and adopted a Multi-Agent Proximal Policy Optimiza-
tion (MAPPO)-based strategy, allowing collaboration among
small-cell base stations to accelerate the optimization process.
Similarly, to optimize task failure rates and payments, the au-
thors in [21] jointly optimized task offloading and resource allo-
cation. Specifically, they designed different offloading models
and virtual resource units. Experimental results demonstrated
the superior performance of their proposed strategy in terms of
task failure rate and fairness.

The users’ QoE is a key incentive to guide the improvement
on the performance of edge computing systems. Hence, Chu
etal. [22] proposed to maximize users’ QoE by determining ser-
vice caching, task offloading and resource allocation in the MEC
environment. To address this NP-hard problem, they propose a
two-stage algorithm that leverages approximation and decom-
position theory. Due to the dynamic MEC environment, edge
caching performance is constrained, which leads to failures and
inconsistencies. Hence, a redundant service caching framework
is proposed in [29], where an optimization problem of service
caching and task offloading is formulated. A learning-based
method is adopted to determine redundant service caching,
and the simulation results demonstrate the advantages of their
strategy.

The high mobility of vehicles and the limited coverage of
RSUs pose significant challenges to the performance of edge
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caching in VEC. For instance, a service cached at one RSU
cannot be accessed by a vehicle that has moved out of its
coverage area. To address this issue, Li et al. [23] proposed
a collaborative task offloading and service caching replacement
strategy. Specifically, adjacent RSUs facilitate the migration of
vehicular tasks, while also enabling service caching replace-
ment. Their approach aims to minimize both computational costs
and delays through a DRL-based strategy. The comparison of the
existing literature is shown in Table I.

The aforementioned works primarily focus on the diversity
of offloading destinations when designing collaborative task
offloading strategies, yet they tend to neglect the cooperation
potential among vehicles with offloading requests. To the best
of our knowledge, this is the first work that integrates the
advantages of service caching and collaborative task offloading
in VEC. By leveraging caching-assisted collaborative task of-
floading, we aim to achieve fine-grained task offloading, thereby
reducing the response latency for vehicular tasks in VEC.

III. SYSTEM MODEL

The application scenario considered in this paper is illustrated
in Fig. 1, encompassing three distinct entities: vehicle, RSU, and
the cloud center. RSU is connected to the cloud center via wired
communication links that may traverse the backbone network.
Vehicle services can be downloaded from the cloud center and
cached at RSUs for efficiently serving the offloading requests
from nearby vehicles. The set of services is denoted by IC =
{1,..., K}, where K represents the total number of cacheable
services. Eachservice k € K is characterized by atuple (s, wy),
where s, denotes the data size of service k (e.g., in KB), and wy,
indicates the required computing resources for service k (e.g., in
CPU cycles). Service typically comprises computational logic
or executable components. Therefore, in this paper, we assume
that services are divisible, and each service k can be partitioned
into M}, independent components, i.e., k = (k1, ..., kar, ). Each
component k; has a data size sy, , satisfying Zf\i " Sk; = Sk-

Vehicles utilize Vehicle-to-Infrastructure (V2I) communica-
tion technologies to interact with RSUs upon entering their
communication range. Thus, vehicles can offload their tasks
to the RSU for execution, leveraging its richer computing re-
sources compared to their own. The set of vehicles is denoted
by N ={1,...,N} and N is the number of vehicles that can
offload their tasks to the RSU R. Suppose each vehicle n € A/
generates a service-related task, which can be represented by a
triplet (I,, k, Dy,), where I,, denotes the size of the task-input
data, k represents the specific service associated with task n, and
D,, indicates the deadline by which the task must be completed.

In the VEC system, vehicles can offload their computation-
ally intensive tasks to RSUs for execution, thereby achieving
ultra-low-latency QoE. If the service related to the vehicular
task has already been cached at the RSU, vehicle n only needs
to offload the task-input data. Otherwise, vehicle n must offload
both the task-input data and the associated service to . De-
fine a, ) (n € N and k € K) as a binary variable to indicate
the correspondence relationship between task n and service k.
Specifically, o, 1, = 1 indicates that task n requests service &,
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TABLE I

COMPARISON BETWEEN OUR WORK AND THE EXISTING LITERATURE
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Reference Collaborative Offloading  Caching Strategy =~ Computing Nodes Optimization Objective
[2] X X Edge server and mobile devices  Energy consumption
[3] X X UAVs Processing latency
[14] X X RSUs Processing latency and energy consumption
[13] X X Edge server Processing latency
[15] X v Edge server and UAV Processing latency
[16] X v RSUs Service hit rate/ network delay
[17] X v RSUs and vehicles Processing delay and costs
[18] X v Vehicles Processing delay
[7] X v Vehicles Processing delay
[19] X v RSUs Task computing latency
[20] v X UAVs and Vehicles Value of service
[9] X v RSU Processing latency
[4] X X Small-cell base station Energy consumption
[21] X X Fog nodes Task failure rate, payments and fairness
[22] X v Edge node Users’” QoE
[23] v v RSUs Delay and computing costs
[24] v v Edge node Processing delay
[25] X v RSU Offloading efficiency
[26] X v Edge server Energy consumption
Proposed Work v v RSU Processing delay

Cloud
center

Fig. 1.

The considered application scenario in this paper.

while ¢, ;, = 0, otherwise. In this paper, we assume that each
vehicular task can only be associated with one service. Conse-
quently, the equation le Qp i =1 (Vn € N) holds. Define
a binary vector A = {A1,...,Ay} to indicate the offloading
profile of N vehicular tasks in the optimization period, where
An = 0 indicates that task n is executed locally, and 1, =1
indicates that n is offloaded and executed at the RSU.

A. Caching Model

In VEC, task offloading to the edge server rather than the cloud
center can significantly reduce response times and improve sys-
tem efficiency. However, a large number of offloading requests
may overwhelm the computing and communication resources
of the edge server, leading to a degradation in users’ QoE. To
further reduce the response times for vehicular tasks, we propose
caching services at RSUs and aim to shorten the task offloading
delay. Specifically, define the binary vector § = {01,...,0x}
to represent the caching profile of K vehicle services. Here,
0r = 1 (k € K) indicates that service k is cached at R, while
0 = 0 otherwise. Denote by C' the maximum caching capacity

Qﬂ Tasks- Services

—=> Collaborative offloading

—> Service deployment

TABLE II
NOTATIONS AND DESCRIPTIONS

Symbols Descriptions

N The number of vehicles(tasks)

K The number of services

R The RSU equipped with the edge server
I, Task-input data size
D, The deadline for task n

Sk The data size of service k

W The required computing resources for service k
My, The number of components for service k
Sky The data size of component k;

C The caching capacity of R

fn The processing frequency for vehicle n
K The maximal bandwidth resources of R
gn The wireless channel gain between n and R
Pn The transmission power of vehicle n

Tn The achievable data rate for task n

Vi Set of tasks associated with service k

n Time to integrate one unit bit of data
Fr Maximal computation capability of R
Ok The caching decision of service k

An The offloading decision of task n

o The component assignment decision
frRn The computing resource allocation decision
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of R, thereby constraining the number of services that can be
cached as follows:

K
> dksk < C. M)
k=1

B. Task Offloading Model

Let r,, denote the transmission rate for offloading the task n to
R, and r,, actually depends upon the number of communication
resources allocated to the task by R. For simplicity, we assume
that all tasks offloaded to R equally share communication re-
sources. Consequently, 7, can be expressed as follows [30]:

pngn)
o2 )’

- log (1 + @)

K
Zie/\/ Ai
where K, py,, gn, and o are the total bandwidth resources of R,
the transmission power of vehicle n, the channel gain between
vehicle n and R, and the noise power, respectively.

Calculating the offload delay for the task n, indicated by
T2/7, is fundamentally dependent on the caching status of the
associated service. The following discussion provides a detailed
explanation.

1) Caching-Assisted Offloading Model: 1f the associated ser-
vice k of task n is cached at the edge server (i.e., o, =1
and 0 = 1), the vehicle only needs to offload the task-input
data (e.g., input parameters) to the edge server R, as previously
described. In this case, 7%/ / can be expressed as:

1

K
TR = o adi 3)

k=1

2) Collaborative Offloading Model: 1f the associated service
k of task n (i.e., oy, 1, = 1) is not cached at the edge server,
the vehicle needs to offload both the task-input data and the
associated service to R. However, given that vehicle services can
be divided into distinct components, vehicular tasks associated
with the same service can collectively offload the service to
R, for example, with each vehicle responsible for offloading a
different component. In this paper, we refer to this process as
collaborative offloading from the perspective of vehicles.

Let V), denote the set of vehicular tasks associated with the
service k, and the number of tasks in this set can be calculated
as |Vi| = X a, 4. Once service k is determined to be col-
lectively offloaded, there are M) components that need to be
collaboratively offloaded by |V}| vehicles. The question arises
as to how to allocate these components to individual vehicles for
collaborative offloading while satisfying diverse performance
requirements. To address this, we introduce a binary variable
Gnki (n € Vi, k€ IC, 1 < i < My,) to specify whether vehicle
n offloads component ¢ of service £ to the edge server. Specif-
ically, ¢, i = 1, if the vehicle n offloads the component 7 of
the service k to the edge server It; and ¢,, , ; = 0, otherwise.
In this paper, we assume that given an arbitrary component j
(1< j < My)of service k (Vk € K), it can only be offloaded

by one vehicle; thus the following constraint always holds:

Vi .
L:ﬁ‘ ik = 1@ € V).
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Note that a single vehicle may offload multiple components, or
even all components, if it is the only vehicle associated with the
specific service. Consequently, the time required to offload the
components for task n can be analyzed based on the following
two cases:

e Case 1 (|Vi| = 1): This implies that only vehicle n is
associated with service k. In this scenario, there is no
collaborative offloading available for vehicle n, which
means it must offload both the task-input data and the entire
service independently. Consequently, the offloading delay
for the components can be expressed as:

K
Toffeomp N (1 - 6) 2k 4
" I;Oé & ( k)rn 4

e Case 2 (|Vy| > 1): This indicates that in addition to vehicle
n, there are other vehicles also associated with service k.
In this case, these vehicles can implement the collaborative
offloading strategy for task offloading. As a result, the
offloading delay for the components can be formulated as:

K K My, s

. k.
Tgff,compz E QK Tk + E Oén,k(l _ 5k) E (Z)n,k,iTl
k=1 k=1 i=1 n

&)

where 7, represents the time required to partition service k,

which typically depends on the granularity of the partition.

In this paper, it is assumed that different services may have

distinct values for 74 (k € K), and these values can be
determined based on historical statistics.

To integrate the above two cases, we introduce an indicator

variable v, that denotes whether service k is exclusively associ-

ated with a single vehicular task. i, can be defined as follows:

1 |Vk‘ >1
Ve {0 Vi =1 ©
Thus, the offloading delay for the components can be rewritten
as:

K
: s
Tt = (1~ ) (Z (1 - ak>k>
k:l n
K K M, .
ki
+ Py (Z O kT + z o k(1 — 0k) Z ¢n,k,irn> .
k=1 =1 i—1
(7

Apart from the components offloading, vehicle n also needs
to offload its task-input data to the edge server, and the time
taken for this process can be expressed as:

K
I,
ol fpara _ Zan,k(l — 51@)7. (8)
-1 n

As a result, the offloading latency for task n, denoted by 7:9/f
is given as:

T,‘{ff — T;L)ffvcomp + T;L)fﬁpa'ra_ 9)
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C. Computation Model

In this paper, vehicular tasks can be executed either locally
on the vehicle or offloaded to the edge server, depending on the
diverse performance requirements and resource availability. If
the task n is executed locally (i.e., A,, = 0), the computation
delay, denoted by T:¢°™!°¢ is given as:

K
W
= § On k7>
=1 fn

where f,, represents the computing capability of vehicle n. It
should be noted that the caching status of the associated service
(e.g., k) does not influence the local execution of task n.

If task n is offloaded to edge server R for execution, the com-
putation delay will be substantially influenced by the caching
status of the associated service. We will present a systematic
and detailed explanation of the methodology for calculating
computation delay across different cases.

1) Associated Service Cached: If task n is offloaded for
execution and the associated service is cached, R can initiate the
execution process after completing the following preparations.
First, R will allocate appropriate computing resources, such
as by creating virtual machines (VMs) and virtual environ-
ments tailored for the offloaded tasks. The time required for
these preparations is typically non-negligible, and services with
different execution logic may have varying preparation times.
For simplicity, let 7;™" represent the initialization time for
creating VMs and virtual environments for service k. T}
can be determined based on the historical statistics. Then, the
computation delay of task n is given as:

Tcom,loc
n

(10)

K K
X i w
T2 =3 0 w0k T+ o i kooooan
k=1 k=1 frn

where fr , denotes the total computing resources allocated by
R to task n.

2) Associated Service Not Cached: The preparations become
significantly more complex when task n is offloaded for exe-
cution, but the associated service is not cached. First, vehicle
n must offload both the task-input data and the corresponding
components of the associated service. Even after the offloading
process is completed, task n cannot be executed immediately
because the edge server R must wait for all components to arrive
and further reconstruct the entire service. Specifically, the time
required to reconstruct the entire service can be expressed as
T, = nsy,, where 7 represents the system-average time to
integrate one unit bit of data and can be determined empirically
through profiling. This linear integration time, although a sim-
plified representation, can effectively capture the data-intensive
aspect of integration without introducing additional complexity.
In this case, the waiting time for task n can be given as:

K
Y = Z o k(1 — 0x) max (max Toff’comp
k=1 mevi
+TM =Tl 0),
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where the term max, ey, 79/ /-¢0mP 4 Tinit — 797 represents
the waiting time for task n until all components arrive at . Note
that the value of this term may be negative, which means that the
offloading latency 77/ for task n is greater than the integration
and initialization time of the entire service. Thus, task n can
be executed immediately without waiting. The aforementioned
analysis of the preparations is based on the assumption that
collaborative offloading is feasible. However, when only one
task is associated with the service (i.e., 1, = 0), there is no
collaborative offloading or reconstruction operation involved.
Consequently, the computation delay for task n when the asso-
ciated service is not cached can be expressed as follows:

K
T = (1—1by) | D ani(1 — )T
k=1
+ Z Qp, k 1 — 5k fR

+ th+2ank1—5k (12)

fRn

When task n is completed, the resulting output can be trans-
mitted back to the vehicle. Given that the data size of the exe-
cution result is significantly smaller than that of the task input,
we simplify the analysis by omitting the time associated with
this transmission. By integrating the aforementioned analysis,
the response latency for task n can be expressed as:

T = (1 — AT 4 0 (TOFF +T5°™). (13)
Thus, the response latency for the VEC system can be expressed
as:

Ttotal ( 14)

ZT

IV. PROBLEM FORMULATION

In this section, we formulate a caching-assisted collaborative
task offloading optimization problem for VEC, aiming to min-
imize the overall response latency for all the vehicular tasks,
by jointly optimizing the offloading policy, the caching policy,
the component assignment policy, and the computing resource
allocation policy. In addition to the aforementioned offload-
ing and caching policies A, 8, let ¢ = {¢,, 1.;|Vn € N,Vk €
K, Vi1 <4< My} denote the component assignment policy,
and fr = {fr.n|Vn € N} denote the computing resource al-
location policy. Define the objective function J(X,d, ¢, fr) =
Ttotal Then, our optimization problem regarding A, 8, ¢, and
f r can be formulated as follows:

PO: min J(A, 6,0, fr)

1.6.¢0.fr

K
Z sk < C,
=1

(15a)
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K
Zan,kzl, Vn GN,

(15b)
k=1
My,
> sk, = sk, VEEK, (15¢)
i=1
[Vi|
> ik =1,Vie€Vi,VkeK, 1 <j< M, (15d)
=1
T, < Dn, VneWN, (15e)
> Anfrn < Fr, VneN, (15f)
neN
fR,n 207 vn€N7 (lsg)
AnsOr € {0,1}, Vn e N,Vk e K, (15h)
d)i,k,j € {0, 1}, Vie Vi,Vke K, 1 <j< Mg, (151)

where the constraint (15e) specifies that task n must be com-
pleted prior to its deadline. The constraint (15f) ensures that the
total allocated computing resources for all tasks do not surpass
the maximum computing capacity R . Constraints (15g)—(151)
define the allowable value ranges for the decision variables. The
meanings of other constraints, such as (15a)—-(15d) have been
elaborated upon in earlier sections.

The problem PO is fundamentally a MINLP problem, making
it highly challenging to solve PO directly. Given the stringent
latency requirements for vehicular tasks in large-scale VEC net-
works, algorithms with exponential time complexity for finding
the optimal solution are practically infeasible. Consequently, in
this paper, we propose to employ a suboptimal algorithm with
low time complexity for addressing this problem.

The expression of the objective function J(A, d, %, fr) can
be expanded as:

N
J(X, d, 1, .fR) = Z(l — )Ln)Tgom’loc + An (Tr(;ff + Tiom)

n=1

_ Z(Tgff_’_Tzom)_’_ Z T\;om,loc7
neN, neN\N,

(16)

where V,, denotes the set of vehicular tasks that are offloaded to
R forexecutionand N, = {n|Ar,, = 1,Vn € N'}. The allocation
of computing resources of R is exclusively applicable to tasks in
N,. In addition, it can be observed that the decision variables A
and ¢ are tightly coupled in both the objective function and the
constraints. This is because task offloading and service caching
interact with each other, where changes in one directly influence
the other. Ideally, services associated with a higher number of
vehicular tasks should be cached, while tasks whose requested
services are already cached at R should be offloaded. Lastly,
the allocation of service components among vehicles becomes
a subsequent issue to address, following the determination of
offloading and caching decisions.

Hence, to simplify the original problem PO, we decouple
these variables from one another by decomposing it into three
subproblems: the Task Offloading and Service Caching (TOSA)
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problem, the computing Resource Allocation (RA) problem, and
the service Component Assignment (CA) problem.

V. PROPOSED COLLABORATIVE TASK OFFLOADING SCHEME

In this section, we respectively solve the decomposed sub-
problems (i.e., TOSA, RA, CA) to obtain the solution of the
original problem.

A. Computing Resource Allocation Problem

Given the feasible decisions for task offloading A, service
caching 4, service component assignment ¢, the original prob-
lem can be equivalently transformed into solving the following
problem:

min J*(,4, )

Ig)

s.t. (152)=(15d), (15h), (15). (17)
where J*(X,d, ¢) is the function with optimal value regard-
ing the RA problem, and J*(X, §, ¢) = ming, J(X,6, ¢, fr).
Hence, the RA problem can be formulated as:

RA: min J(X,8,90, fr)
fr

st (15e)~(15g). (18)

Given the feasible solutions for A, d, and ¢, the RA prob-
lem aims to acquire J*(X,d, @) by optimizing the comput-
ing resource allocation policy. For simplicity, let G(fr) =
> onen, (T11 + T50™), and the RA problem is actually to min-
imize G(f r). Based on the expanded expression of G(fr), we
have the following lemma.

Lemma 1: Given the feasible solutions for A, §, and ¢, the
RA optimization problem regarding f g is convex.

Proof: By analyzing the expression G(fr1,...,frn) =
> e, (TE7 T+ T5o™), we can observe that the computing re-
source allocation is only dependent on the term 7'5°"* and is inde-
pendent of the term 7%/ /. Thus, the second partial derivatives by
differentiating G(fr) w.rt. fris: 0?°G(fR)/OfRmOfrn =
2 25:1 an,kwk/fgﬁn > 0, when m = n; and 0, otherwise. The
Hessian matrix of G( f ), denoted by M(G( f r)), can be easily
constructed [31]. Then, we have YT MY > 0 for an arbitrary
nonzero vector Y, which implies that M(G(fgr)) is positive
semi-definite. Hence G(fg) is convex w.r.t. fg.,. Thus, the
objective function is convex regarding the computing resource
allocation policy. Similarly, the left-hand side of the constraint
(15e) can also be proven to be convex. Consequently, the RA
problem is convex, and the proof is completed. |

Lemma 2: The RA problem can be optimized only when the
total amount of computing resources F'r is fully allocated.

The above lemma can be readily proven by contradiction;
hence, we omit the detailed proof in this paper. Particularly,
the Lagrangian function L(fg,v,u) for the RA problem is
constructed as shown in (19) at the bottom of the next page,
where v = {v,|v, > 0,Yn € N'} and p are the Lagrangian
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multipliers. Define the Lagrange dual function g(v, 11) as:

L(va'U»/J')'

min

g(v, 1) = FRr.n>0,YneN

Then, let the first partial derivative of L( f g, v, 1) regarding f g
equal zero, i.e., OL(fr,v, ) /0f r = 0, and we can obtain the
optimal solution ff ,, as:

ot D) Y an
fhr_¢@ +)§%1a,wmwn€N;

Accordingly, the Lagrange dual function can be further rewrit-
ten as: g(v, ) = L(ff, v, 1). The dual problem for the RA
problem can be formulated as:

(20)

max g(v, 1)
v,

st. v, >0,VneN. 21

Obviously, Lemma 1 demonstrates that the RA problem satis-
fies Slater’s Condition. As a result, we can effectively solve the
dual problem using the gradient descent method, which offers
a computationally efficient and practical approach to address
this problem. Specifically, v and i can be updated iteratively
according to the following procedure:

v(t+1) = [v(t) + 1, Vg(v,p)] T,
p(t+1) = p(t) + 1, Vug(v, p),

where [, and [, represent the learning rates for updating the
Lagrangian multipliers, and the operator [-]* is equivalent to the
operator max(-, 0) in this paper.

(22)
(23)

B. Service Component Assignment Problem

Given the vehicle service k and the set of vehicular tasks
Vi, the CA problem for service k aims to achieve the minimal
component offloading delay by allocating M}, components to
|Vi| vehicles. Given the offloading decision A and caching status
of service k (i.e., 0 = 0 and v}, = 0), the CA problem can be
formulated as:

CA : min T0off-comp
ok "

st. (15d), (150). 4)

Lemma 3: For an arbitrary service k that is not cached but
associated with multiple vehicular tasks, the corresponding CA
problem is NP-hard.

Proof: The Component Assignment (CA) problem can be
formulated as an instance of the Unrelated Parallel Machine
Scheduling Problem (UPMSP), which is a well-known NP-hard

9049

problem [32]. Specifically, the UPMSP can be described as
follows: given m jobs and n machines, each job can be processed
without interruption on any machine, with varying processing
times across different machines. The objective is to schedule
the jobs on the machines such that the maximal completion time
(makespan) is minimized.

The CA problem can be mapped into the UPMSP framework
as follows: the component offloading delay corresponds to the
processing time in the UPMSP. Each vehicle can offload one
component at any given time, and each component can only be
offloaded by one vehicle. This aligns with the UPMSP principle
that each machine can process one job at any time, and each job
can only be processed by one machine. Consequently, the CA
problem addressed in this paper is NP-hard. |

Given the service k, determining the optimal solution ¢, 1, ;
(n € Vi, 1 <1i < My) with exponential time may not be fea-
sible in a real-time VEC environment. Hence, we propose a
heuristic algorithm to address the CA problem. The edge server
R has access to global information regarding the status of service
k and task offloading requests. For each vehicular task in V}, an
offloading delay matrix Mtz can be constructed, where each row
corresponds to a vehicle n in Vj, each column corresponds to
a component i (1 < i < M}), and the element at position (n, i)
represents the offloading delay incurred by vehicle n offloading
component 4. The value of position (n,4) in Mtz denoted by
Mtx(n,t) can be expressed as: Mtx(n,i) = sy, /rn (n € Vi
and ¢, = 1).

The proposed algorithm is presented in Algorithm 1. Accord-
ing to the matrix Mtx, the offloading delay for each component
i by each vehicle n can be determined. Then, the minimal
delay time Val(i) for each component i can be expressed as
Val(i) = min, {Mtx(n,i)|n € Vi, b, = 1} by selecting the
smallest value from each column of Mtx. Subsequently, My
components are sorted in descending order based on the values
of Val[i], and a new component assignment sequence for ser-
vice k is constructed as Ly = {comy, ..., comy, }. For each
component com; in Ly, we allocate it to the vehicle following
a greedy strategy. Specifically, the greedy rule ensures that the
current component is always assigned to the vehicle with the
smallest current makespan. To this end, a makespan list M K]
is initialized for each vehicle in Vj, by setting M K[n] =0
for all n € Vj, at the beginning. For each component com;
in Ly, the algorithm assigns it to the vehicle n that satisfies
n = arg miny;cy, MK[j] + Mtz (j, com;).

Then, the current makespan for vehicle n is updated by
MK|n] + Mtx(n, com;).

Remark. 1t takes the time of O(|Vy| - M) to construct the
matrix Mtz and additional O(|Vy| - M},) to calculate Val[l :

N
Do) = 3 (T +T57) + 3wl Do)+

neN,

n=1

= > (@ +TE™ + Y on(Th - D) +

neN, neN,

( > frn— FR)

neN,

(19)

Z On(Tyy — Dp) + p (Z frRon

neN\N, neN,

_FR>.
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Algorithm 1: Heuristic Greedy Algorithm for Component
Assignment (GACA).
Input: Vi, 9y
Output: Component assignment strategy for service k
1 Given V}, construct the matrix Mtz by
Mtx(n,i) = sg, /Tn, Vn € Vi, Vi 1 < i < My;
2 for component ¢ = 1 to M, do
‘ Val(i) = Hgn{Mtx(n,z)m € Vi, b, = 1}
4 end for
5 Generate Ly = {comq,--- ,comyy, } by sorting Mj,
components in descending order;
6 Initialize makespan M K[-] for each vehicle n in Vj;
7 for each component com; in Ly do
// Implement the greedy strategy
8 Select vehicle n by
n = arg min MK|[j] + Mtx(j, com;);
ViEVi

9 Allocate component com; to vehicle n;

10 | Update M K[n] by MK|[n|+ = Mtx(n, com;);
11 Update the CA decision by ¢, k. com, = 1;

12 end for

13 Return component assignment strategy for service k;

My]. Sorting the components in descending order requires the
time of O(Mj, log My). The program loop (lines 7-12) also
takes the time of O(|Vj|- My) to assign M} components to
vehicles in V. Accordingly, the algorithm complexity for solv-
ing the CA problem given service k (0 = 0 and ¥ = 1) is
O(|Vi| - My, + My, log My,). In the worst-case scenario, where
none of the vehicle services are cached, the overall algo-
rithm complexity is O(Yr—, |Vi| - My + S5, My, - log My,).
Compared to exponential time complexity, this heuristic algo-
rithm with polynomial time complexity can significantly reduce
the computational time for decision-making, thereby enhancing
efficiency for solving the CA problem.

C. Task Offloading and Service Caching Problem

After addressing the RA and CA problems, we can shift
our focus to solving the TOSA problem. Typically, task of-
floading and service caching are closely intertwined, as tasks
are more likely to be offloaded when the associated service is
cached, and services are more likely to be cached when they
are frequently requested by vehicular tasks. Furthermore, since
both task offloading and service caching variables are binary,
searching for the optimal solution typically involves exponen-
tial time complexity, rendering it infeasible for real-time VEC
environments.

In view of the exceptional perception and decision-making ca-
pabilities, proximal policy optimization (PPO) based algorithms
have been increasingly applied across multiple domains. Hence,
in this paper, we propose a greedy PPO (GrePPO) algorithm to
tackle the TOSA problem. In the GrePPO algorithm framework,
a greedy rule is employed to guide the service caching process,
while the PPO algorithm is utilized to determine the task offload-
ing strategy. For service caching, since the edge server has global
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information about the offloading requests and vehicle services,
it can analyze the distribution of service demands. Once all the
offloading requests are collected, the edge server determines the
frequency of each service requested by vehicular tasks. Subse-
quently, R sorts these services in descending order based on their
request frequencies. Services are cached sequentially until the
cumulative data size of the cached services reaches or exceeds
the caching capacity. This greedy approach primarily requires a
time complexity of O(K log K) for sorting the services, thereby
enabling efficient caching decisions.

On the other hand, the PPO algorithm consists of two key
components: the actor network (i.e., the policy function) and
the critic network (i.e., the value function). The actor network
mo(a¢|st), which employs policy gradients, takes the current
state s; as input and directly outputs the action probabilities.
In contrast, the value-based critic network Vy (s;) assesses the
quality of actions taken in the current state s;, thereby facilitating
the improvement of the actor network’s performance. The basic
elements in the PPO algorithm for the TOS A problem are defined
as follows:

e State Space: S is a collection of all the envi-
ronment states in the VEC system, and S £ {s1 =
(Sn, Sk, Sr)}, t € {0,1,2,---}. Sy denotes the states
of vehicles and related tasks. Sy = {veh,,, tasky }nens
where veh,, = {loc,,vel,, diry,, pn, gn, fn} denotes the
comprehensive information of vehicle n, including its
location, velocity, driving direction, transmission power,
wireless channel gain, and local computing capabil-
ity; task, = {I,,k, D,} describes the information of
task n. Sk = {S}W’u}}g,Mk, {5k1|1 <1< Mk}7Vk}ke}C
denotes the states of the vehicle services, and Sr =
{C, "} represents the states of the edge server R.

o Action Space: A represents the set of all possible actions
within the VEC system that the agent can execute based
on the observed state. For the TOSA problem, the agent
determines which tasks to offload by observing the envi-
ronmental state, and A can be defined as A = {a; = A},
te{0,1,2,---}.

® Reward Function: The agent receives an immediate reward
r¢ upon taking an action in current state s,. The value
of r; serves as a quantitative measure to evaluate the
advantages and disadvantages of the action chosen in the
current state. A higher r; indicates that this action is more
favorable compared to other possible actions. The imme-
diate reward r, is calculated using the reward function. In
this paper, our goal is to minimize the objective function
J(X, 8, ¢, f r),and thus the immediate reward r is defined
asry = —J(X,0,0, fr).

The PPO algorithm employs the advantage function to quan-
tify the benefit of the action produced by the actor network in the
current state, using k-step Generalized Advantage Estimation
(GAE), as formally defined below.

k—1

Ay =" (3) P, (25)
i=0

Oy =11 + Vo (se41) — Vi (se), (26)
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where 7y and ¢ are the discount factor and the hyperparameter for
GAE, respectively. ¥, is the TD error, representing the difference
between the predicted and true values of critic networks. ¥;
reflects the advantage of taking action a; in current state s;
relative to the average. The PPO algorithm utilizes off-policy
data to accelerate the model training. Particularly, it utilizes
the importance sampling technique to reuse data collected by
the old policy my,,,(at|st), thereby enhancing the sampling
efficiency. By incorporating the importance sampling ratio, the
actor network aims to maximize the clipped surrogate objective
function, as defined below:

L(0) = E¢[min(rio - Ay, cip(rio,1 —e,1+¢) - flt)], (27)
where 770 is the importance sampling ratio and is defined as:

Yyl (at ‘St)

ro = ———————.
0,04 (t]St)

The clip mechanism clip(ratio,1 — ¢, 1 + €) is employed to
constrain the step size and ensure training stability. Specifi-
cally, when ratio <1 —¢, it is clipped into 1 — &; and when
ratio > 1+ &, itis clipped to 1 4 &.

The algorithm for describing the entire procedure is presented
in Algorithm 2, consisting of two distinct phases: the training
data generation phase and the model learning phase. In the data
generation phase, the policy network 7y, , (a+|s;) interacts with
the VEC environment to generate a series of trajectories. These
transitions are subsequently stored in the experience buffer B.
In the model learning phase, a batch of Batch_Size transi-
tions is sampled from the experience buffer. For each transition
(¢, a¢, 7, Se+1) in the batch, the TD error and GAE are com-
puted, respectively. The state value evaluation for s; is obtained
using the critic network Vy (s; ). Subsequently, the actor network
mo(a|s¢) and critic network Vi (s;) are updated. To enhance the
efficiency of model training, the training data within the batch
arereused M ax_Learning_Num times. Finally, the old policy
is updated with the trained policy, i.e., mg,,, (at|st) = mo(at|st).
This iterative process continues until the model converges or the
termination conditions are met.

VI. PERFORMANCE ANALYSIS
A. Parameters Settings

The proposed optimization strategy for caching-assisted col-
laborative task offloading in VEC is extensively evaluated
through simulations in this section. In the simulation setup,
RSUs and vehicles are randomly distributed. The communi-
cation coverage of an RSU is configured to 200 meters. The
number of vehicles ranges from 10 to 40. By default, the number
of cacheable services is set to 15. Other key parameters involved
in the simulation are summarized in Table III. Furthermore, we
evaluate the performance of our strategy in comparison to the
following four approaches.

e PPO-based Offloading and Caching (POPC): This ap-
proach adopts a PPO-based algorithm to tackle the TOSA
problem and the same strategy as ours for addressing the
CA and RA problems [33]. The difference between our
approach and POPC lies in the fact that POPC uses the actor
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TABLE III
PARAMETER SETTINGS

Parameter Value Parameter ~ Value
N 15 ~ 40 M 4
veln 5~ 10 m/s I 300 ~ 500 KB
Dy, 0.8~ 1.4s My, 8~ 12
Sk, 3 ~ 5MB K 15
Wi 400 ~ 600 Mcycles K 800 MHz
c 500 MB Fr 40 GHz
T,z"” 0.01s fn 0.4 ~ 0.8GHz
—1500 1
—2000 1
°
©
=
[}
& 2500 -
Proposed
—— POPC
—3000 - —— DOGC
— AOGC
T T T T T T T
0 50 100 150 200 250 300
Episode
Fig. 2. Comparison between reward values across different algorithms.

network to generate both the task offloading and service
caching decisions.

e DQN-based Offloading and Greedy Caching (DOGC):
This approach employs a DQN-based algorithm to solve
the task offloading problem and a greedy strategy to tackle
the service caching problem [34]. The distinction of our
approach compared to DOGC lies in using a DQN-based
algorithm rather than a PPO-based algorithm for generating
task offloading decisions.

® A2C-based Offloading and Greedy Caching (AOGC): This
approach adopts an A2C-based approach to address the
task offloading problem [35], and greedy strategy to ad-
dress the service caching problem.

e Random Offloading and Greedy Caching (ROGC): This
approach employs a random strategy for generating task
offloading decisions and a greedy strategy for producing
service caching decisions. This simplest approach is widely
adopted as the baseline approach in existing literature [14].

B. Simulation Results and Analysis

The variations in reward values of different algorithms during
the training process with respect to the number of training
episodes are illustrated in Fig. 2. Clearly, our strategy achieves
the highest reward value among the compared algorithms. After
approximately 100 episodes, the reward value progressively con-
verges to around -1500. Moreover, the curve exhibits minimal
fluctuations after achieving convergence, indicating superior ro-
bustness relative to other algorithms. The reward value of POPC
is the lowest among the four approaches. AOGC attains the
second-highest reward value, suggesting that the A2C algorithm
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Algorithm 2: Greedy PPO Algorithm for TOSA Problem
(GrePPO).

Input: Parameters related to task and service
information
Output: The task offloading profile
1 Initialize actor network 7y (a+|s:) and
7o, (at|St) = mo(ae|s:), critic network Vi (s¢),
experience buffer B, maximum iterations M IT;
2 for episode =1,2,3,--- do

3 Get initial state s; from the VEC environment;
4 for t =1to EP_Max_Step do
5 Get a; by ar = 7p,,, (at|st);
6 Get A by sampling the action ay;
7 Determine & using the greedy approach;
8 Call Alg. 1 to address the CA problem;
9 Address the RA problem, based on Eq. (22);
10 Calculate r; by . = —J(\, 6,0, fr);
1 Obtain the next state s;41;
12 Store the transition (sy, at, 7y, S¢+1) to B;
13 if t%Batch_Size = 0 then
14 Retrieve Batch_Size transitions
(¢, a¢,7¢, Se41) from B;
15 for £k =1 to Max_Learning_Num do
16 for each transition in Min_Batch do
17 Get Vi (s;) by critic network;
18 Calculate TD error using Eq. (26);
19 Calculate GAE according to
Eq. (25);
20 Update actor network mg(a|s:)
according to Eq. (27);
21 Update critic network Vi (s¢)
according to Eq. (25);
22 end for
23 end for
24 9,10 (at|8t) = mo(ar]se);
25 end if
26 end for
27 Clear experience buffer B;
28 end for

combined with a greedy caching strategy is a more effective
strategy compared to DOGC and POPC.

We conducted a series of experiments to evaluate the effi-
ciency of our strategy using several performance metrics, such
as the objective function value, task completion rate, and cache
hit rate. Fig. 3 shows the performance comparison across dif-
ferent algorithms with the increasing number of vehicular tasks.
Fig. 3(a) illustrates the influence of different numbers of tasks
on the objective function values for algorithms. Our strategy
can achieve the lowest values of the objective function among
these approaches, no matter how the number of tasks varies.
Furthermore, our strategy exhibits the smallest increase when
the number of tasks increases. The advantage of our approach
regarding the objective function values can be attributed to its
superior mechanism for task offloading and service caching.
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Addressing these subproblems in our fashion can closely ap-
proximate the global optimum, even as the number of tasks
increases and the system state space becomes more complex.
ROGC achieves the worst performance among these approaches.
The reason for this is acceptable and explainable, since it is the
simplest benchmark. AOGC achieves the second-best perfor-
mance, and POPC is worse than AOGC.

From the results shown in this figure, two valuable conclu-
sions can be drawn. First, tackling the task offloading problem
and the service caching problem separately tends to yield better
outcomes compared to addressing them concurrently, such as
by using the actor network to generate offloading and caching
decisions simultaneously. Second, our strategy exhibits superior
performance compared to the baseline approaches.

The simulation results presented in Fig. 3(b) compare the
task completion rates of each algorithm with the increasing
number of vehicular tasks. Itis evident that our proposed strategy
achieves a significantly higher task completion rate compared
to other approaches, regardless of how the number of tasks
fluctuates. In comparison, ROGC, as the simplest benchmark,
exhibits the lowest performance in terms of task completion
rate, indicating its limited adaptability to complex environments.
AOGTC ranks second among the five approaches in terms of per-
formance. The simulation results further confirm that addressing
task offloading and service caching problems independently
tends to yield more favorable outcomes than tackling them as
an integrated whole.

Fig. 3(c) presents the cache hit rates of each algorithm with
the increasing number of vehicular tasks. Similar to the results
presented in Fig. 3(a) and (b), our strategy and AOGC achieve
the top two highest cache hit rates, which indicates that our
cache decision-making strategy can effectively adapt to various
changes in task volume. DOGC can maintain a relatively high
cache hit rate, but the fluctuation is very large when the number
of tasks changes. The cache hit rates of POPC and ROGC are rel-
atively low. Particularly, the suboptimal cache hit performance of
POPC may arise from the inherent complexity in coordinating
the PPO algorithm for both offloading and caching decisions.
The low cache hit rate of ROGC can likely be attributed to
the absence of a robust linkage mechanism between its random
offloading strategy and greedy caching strategy. The stochastic
nature of its offloading decisions hinders ROGC’s ability to
effectively leverage service cache decisions, thus constraining
its overall cache hit performance.

In summary, Fig. 3 illustrates the performance comparison of
various algorithms across multiple metrics, including objective
function values, task completion rates, and cache hitrates. As the
number of tasks increases, our strategy not only achieves a higher
performance level but also demonstrates stronger robustness,
such as minimal performance degradation or stable performance
under varying conditions. The simulation results emphasize the
effectiveness and efficiency of our approach in terms of task
offloading, resource allocation, and service caching, thereby
enabling it to efficiently address task offloading and adapt to
complex VEC environments.

Next, we investigate the influence of vehicle speeds on the
task completion rate, as shown in the simulation results in
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reduce the effective dwell time within the RSU’s coverage area.
A fast-moving vehicle may traverse the entire coverage zone
within a single time slot. Consequently, even if the edge server
completes task computation promptly, the vehicle might have
already moved out of range by the time the results are ready
for transmission. These transient disconnections due to rapid
mobility prevent the successful delivery of computation results,
thereby increasing task failure rates.

Fig. 5 illustrates the impact of RSU computing capabilities
on the performance of various algorithms in terms of average
response time (i.e., the objective function value). As shown,
our strategy consistently achieves the shortest average response
time across all tested RSU computing capabilities. Specifically,

our approach not only exhibits the best performance compared
to other approaches but also demonstrates the most significant
reduction in response time as RSU computing capabilities im-
prove. These results confirm that our strategy effectively exploits
additional computing resources to accelerate task processing.
Additionally, the average response times of POPC, DOGC, and
AOGC decrease with the increasing RSU computing capabili-
ties. Their performance falls between that of our strategy and
ROGC, with significant variations observed across these three
approaches.
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Fig. 6 demonstrates the trend of task completion rates across
various algorithms as the computing capabilities of RSU in-
crease. The significant superiority of our strategy in terms of
task completion rate further substantiates the effectiveness of
our approach in addressing the TOSA problem. Enhancing RSU
computing capabilities indeed provides a robust hardware foun-
dation for successful task execution, and our strategy can take
advantage of these resources more efficiently compared to other
approaches. In contrast, POPC, DOGC, and AOGC may exhibit
limitations in solving the TOSA problem, which restricts their
ability to utilize additional computing resources as effectively
as ours to improve the task completion rate. Generally, tasks
may fail due to suboptimal resource scheduling. The random
offloading mechanism employed by ROGC is the main reason
for its low task completion rate, as this approach neglects service
caching and often fails to meet specified deadlines, resulting in
the lowest task completion rate. Under varying configurations
of RSU computing capabilities, our strategy consistently out-
performs other approaches in two critical performance metrics:
average response time and task completion rate. As RSU com-
puting capability increases, the performance of all approaches
improves, thereby confirming the positive influence of comput-
ing resources on the VEC system.

Fig. 7 examines the impact of caching capability on the
performance of the algorithms. Fig. 7(a) illustrates the trend of
average response time as the RSU cache size varies. Our strategy
consistently achieves the lowest average response time across
all approaches, regardless of changes in cache size. While the
average response times of POPC, DOGC, and AOGC decrease
with increasing cache size, they remain marginally higher than
that of our strategy. Notably, ROGC consistently exhibits the
highest average response time among all approaches. In general,
larger RSU cache sizes allow for the storage of more service
replicas, thereby improving the cache hit rate and decreasing
the average response times.

The trend of the cache hit rate with varying cache sizes is
illustrated in Fig. 7(b). Our strategy consistently achieves the
highest cache hit rate compared to all other approaches. Typi-
cally, the cache hit rate increases as the cache size grows larger.
This is expected, as an increase in cache capacity enhances the
ability to store a wider variety of services, thereby increasing
the likelihood of cache hits. In contrast, ROGC continues to

demonstrate the lowest cache hit rate owing to its random task
offloading strategy.

Fig. 7(c) illustrates the variation in task completion rate as
RSU cache sizes change. Our strategy consistently achieves
the highest task completion rate compared to all other ap-
proaches. While the task completion rates of POPC, DOGC,
and AOGC also increase with larger cache sizes, their values
remain significantly lower than our strategy. In contrast, ROGC
consistently exhibits the lowest task completion rate due to the
same reason analyzed above. In summary, by comprehensively
evaluating various configurations of RSU cache sizes, our strat-
egy demonstrates substantial superiority across three critical
performance metrics: average response time, cache hit rate,
and task completion rate. As the RSU cache size increases, the
performance of all approaches generally improves, highlighting
the significance of cache resources in enhancing VEC systems.
Nevertheless, our strategy exploits these cache resources more
efficiently compared to alternative strategies.

VII. CONCLUSION

In this paper, we explore the potential of collaborative offload-
ing among vehicles whose tasks are associated with the same
service. Specifically, for services not cached at the RSU, vehicles
collaboratively perform task offloading, with each responsible
for specific service component offloading. Consequently, even
when services are not cached, the corresponding response la-
tency in the VEC system can still be reduced. The primary
objective of this paper is to minimize the overall response latency
across the VEC system. Several algorithms are proposed to
address the decomposed subproblems, respectively. The sim-
ulation results indicate that our solution outperforms existing
methods in convergence speed, average response latency, and
task completion rate. We intend to incorporate component de-
pendencies in future work to enhance the robustness of our
system model.
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