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In Vehicular Edge Computing (VEC) environments, the increasingly complicated functional and non-functional
requirements from vehicular applications such as MetaVehicles usually incur larger sizes of task-input data,
which not only increase the transmission delay of task-input data via the front-haul links but also degrade
the quality of experience for users, even if computation tasks can be offloaded and executed at the network
edge. In this article, we put forward a caching-enabled task offloading strategy, by caching and reusing the
universal context data at the edge server, to avoid duplicated data transmission in VEC systems. The goal
is to minimize the overall response latency for all the tasks, by jointly optimizing task offloading, content
caching, and resource allocation decisions in VEC. The optimization problem is formulated as a Mixed-Integer
Nonlinear Programming (MINLP) problem. To efficiently solve this problem, we decompose this problem into
two subproblems, namely, the computing Resource Allocation (RA) problem and the Joint Offloading and
Caching (JOC) problem. The corresponding algorithms are put forward to solve the content caching and task
offloading problems, respectively. Numeric evaluation reveals that our strategies and algorithms can achieve
better performance in minimizing the overall response latency, in comparison with other approaches.
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1 Introduction

The advent of 5G-enabled smart vehicles in China several years ago marked a significant milestone.
That is, beyond delivering cost-effective infotainment services, smart vehicles have evolved into a
social platform that fosters person-to-person and vehicle-to-vehicle interactions, even as drivers
traverse the roads. Additionally, various intelligent driving systems and algorithms, such as Tesla’s
FSD and XPENG’s XNGP, have been devised to achieve Level 3 and even Level 4 driving automation.
These remarkable advancements owe their existence to the rapid progress in Information and
Communication Technologies, the Internet of Things (IoT), and Al technologies.

IoT-enabled smart vehicles continually generate vast amounts of data (or tasks), encompassing
both time-critical information vital for driving safety and time-insensitive data related to infotain-
ment services. The remote cloud center serves as an ideal platform for processing time-insensitive
data and tasks. However, it falls short when handling time-critical tasks and data due to the ex-
tended data transmission times over the core (backbone) networks. In response to this challenge,
Vehicular Edge Computing (VEC) has emerged as a promising computing paradigm, focusing
on processing tasks and data in proximity to their source, i.e., the vehicles themselves.

Extensive literature has delved into topics such as task offloading, data processing, and the
management of computing resources within VEC systems. Nonetheless, the dynamic topology
inherent in Vehicular Ad-hoc Networks (VANETS:), the increasingly complicated functional
requirements of service requestors, and the limited computing capabilities of edge servers all present
substantial obstacles to achieving optimal performance, including throughput, response latency,
and energy consumption in VEC systems and networks. Furthermore, current works mainly pay
attention to the task offloading in VEC, through a hypothesis that the task-input data and related
data libraries are both deposited on the vehicle side.

However, the increasingly complicated functional and non-functional requirements from vehic-
ular applications such as MetaVehicles [13, 27] usually incur larger sizes of task-input data, which
will increase the transmission delay of task-input data via the front-haul links. The task-input data
usually consist of two distinct parts. One is the user-oriented data such as specific system settings
and input parameters, and the other is the universal context information such as road conditions
and traffic accidents. In most cases, the universal context information can be reused. For some
metaverse-integrated vehicular applications, such context information may exist in the form of
multimedia content, so the content size is often much larger than the size of the user-oriented data.
The transmission of these contents will consume a mass of bandwidth resources of the front-haul
networks [21, 23].

The reduction of redundant data transmission holds paramount importance for various au-
tonomous and adaptive systems, particularly in the context of autonomous driving. For instance,
even a slight delay in decision-making for autonomous driving can lead to immeasurable dam-
ages. Numerous task offloading requests are generated within these autonomous and adaptive
systems, such as intelligent vehicles in the context of autonomous driving. In this article, we
present a generalization of the task-input data by categorizing it into two distinct components:
user-oriented data encompassing specific system settings and input parameters, and universal
context data comprising information on road conditions and traffic accidents. Subsequently, we
propose a caching-enabled task offloading strategy that considers a generalized scenario wherein
the universal contents associated with the task-input data can be pre-cached at the edge server to
eliminate redundant data transmission, thereby enhancing resource utilization efficiency in VEC
systems. The goal of this article is to minimize the overall response latency for all the tasks, by
jointly optimizing task offloading, content caching, and Resource Allocation (RA) decisions in
VEC. Generally, the major contributions of this article can be outlined as follows:
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— We present a generalization of the task-input data by categorizing it into two distinct compo-
nents: user-oriented data and universal context data. Considering that minimizing redundant
data transmission can significantly enhance the performance of autonomous and adaptive
systems, we propose leveraging caching mechanisms at the edge server to reuse universal
context data.

— A Joint Task Offloading, Content Caching, and Resource Allocation (JTOCA) opti-
mization problem is put forward in this article, and the optimization goal is to minimize the
overall response latency for all the tasks in the optimization period. Particularly, we model the
JTOCA problem as a Mixed-Integer Nonlinear Programming (MINLP) Problem, which
usually takes exponential time to find the optimal solution.

— Considering the rigorous latency requirements of vehicular tasks and the challenges in solving
the JTOCA problem, we decompose this problem into two subproblems, i.e., the computing
RA problem and the Joint Offloading and Caching (JOC) problem. The RA problem is a
convex optimization problem and the JOC problem is a combinatorial optimization problem.
To lower the difficulty in solving the JOC problem, we propose two heuristic algorithms to
solve the content caching and task offloading problems, respectively.

—Numeric evaluation is extensively conducted in the simulation to investigate our strategy from
multiple angles. Several existing strategies are also selected as the comparison approaches in
the simulation. The experimental results reveal that our strategies and algorithms can achieve
better performance in minimizing the overall response latency, in comparison with other
approaches.

The rest of the article is organized as follows: Section 2 reviews the state-of-the-art literature on
this topic. The system model and the formulated optimization problem are presented in Sections 3
and 4, respectively. The low-complexity algorithm designed for solving the optimization problem
is presented in Section 5. The algorithm evaluation is presented in Section 6 and followed by the
conclusion presented in Section 7.

2 Related Work

The research revolving around VEC has been conducted for recent years [11, 18, 37]. The main
focus is how to spread the computation tasks among vehicles, edge servers, or the cloud center in
a typical end-edge-cloud layered VEC architecture, aiming to improve the efficiency of the VEC
system, regarding throughput, response latency, energy consumption, networking resources, and
so on. To improve the task offloading efficiency, both content-oriented caching [1, 2, 5, 16, 36] and
task-oriented caching technologies [15, 24, 31, 33] have been put forward in the past few years.

The rapid proliferation of smart vehicles enables frequent transmission, exchange, and sharing of
massive contents, and various stringent requirements are also posed during this process. Vehicular
edge caching can reduce content delivery latency, but the constrained storage capacity of edge
nodes and the dynamic of VANETSs as a barrier hinders the efficiency of vehicular edge caching.
Thus, a social-aware vehicular edge caching mechanism is put forward in [36], which can adaptively
tune the caching capability of Roadside Unit (RSU), based on social information such as user
preferences and service availability. The digital twin technology is adopted to build the social
relation model. And deep learning-based approach is used to make optimal caching decisions.
Numerical results have proved its advantages regarding caching utility compared to other existing
approaches.

Yang and Liu [32] proposed to cache those popular contents at RSU in advance, to cater to
the dynamics of vehicles and frequent content request changes. Also, they insist that current
content-sharing approaches can no longer protect privacy in VEC environments. To tackle this
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issue, an asynchronous Federated Learning (FL)-based strategy is designed for caching decision-
making and privacy-protecting. The simulation proves that their strategy can outperform current
benchmark schemes. The cloud infrastructures can no longer satisfy emerging mobile applications
with low-latency requirements, and the multi-access edge computing paradigm provides an efficient
solution for such applications, by deploying computing resources close to the users. New issues
emerge, such as limited computing resources and high fluctuation of workloads. Accordingly,
authors in [4] put forward a serverless-based framework, called NEPTUNE, that can fulfill multiple
functions such as serverless function placement, resource contention resolution, CPU and GPU
RA, and so on. A prototype built upon an extended version of Kubernetes is developed to evaluate
the performance. The advantages regarding response latency and network overhead, compared to
other baseline solutions, are investigated and proven in the simulation.

For multi-task and multi-scenario task offloading in VEC environments, a unified solution was
proposed in [7] to optimize the response latency for all the tasks under multiple task offloading
scenarios. Particularly, a Seq2seq-based Meta Reinforcement Learning algorithm is designed. First,
an attention-based bidirectional gated recurrent unit is used to make the offloading decisions.
Then, a meta reinforcement learning trains the policy offline, which is used for new offloading
scenarios. Evaluation is carried out based on the task generator DAGGEN and realistic vehicu-
lar traces, and the results show the efficiency of the approach, e.g., the response latency for the
tasks is reduced by 11.36% in comparison to a greedy algorithm. Thanks to flexible deployment
and high availability, Unmanned Aerial Vehicles (UAV) can assist the VEC systems, e.g., by
building wireless connections to the RSU and further providing computing services in VEC. Liu
et al. [20] proposed to cache both contents and services at the RSU and UAV for response la-
tency reduction and bandwidth resources saving. The hybrid data caching and task offloading
problem is formulated, aiming to minimize the whole response latency for the tasks. In partic-
ular, a DQN-based solution is put forward to raise the UAV utility. A caching scheme for RSU
and UAV is also designed, which enables data replacement of RSU and UAV independently. They
experimentally prove that the strategy has a high convergence rate and efficient task completion
delay.

It is becoming increasingly popular to apply UAVs to traditional cellular networks, aiming to
provide continuous connectivity in various extreme scenarios. Anokye et al. [3] proposed cache
contents at UAVs to improve the system performance. Particularly, the optimization problem is
modeled as a Markov Decision Problem, which is solved by a dueling reinforcement learning-
based algorithm. In VEC, FL can guarantee vehicles’ privacy by only sharing local vehicle models.
However, the training model may encounter challenges in updating successfully due to potential
disruptions in wireless connectivity caused by the high mobility of vehicles. To tackle this issue, Wu
et al. [30] proposed a cooperative caching scheme using asynchronous federated deep reinforcement
learning.

Liet al. [19] put forward a collaborative task offloading and service caching replacement strategy.
Tasks can be offloaded and services can be cached in a collaborative way between adjacent RSUs.
They formulate the optimization problem as a mixed integer programming problem and solve it by
combining an iterative algorithm with DRL. In this process, privacy issues may emerge, and works
such as [10, 14] pay attention to cybersecurity defense and network intrusion detection.

Although content caching approaches can improve users’ Quality of Experience (QoE), few
works take into account the users’ preferences when designing the popularity function to calculate
the content popularity. Intuitively, content caching could be more efficient when considering users’
preferences, since it could improve the cache hits to a certain extent. Accordingly, a new caching
strategy in mobile edge computing is proposed in [35], which combines the content popularity and
user preferences in edge computing. Specifically, they try to mine the patterns between different
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contents by analyzing the user-content matrix. A convolutional neural network model is also
proposed for predicting users’ preferences. In comparison to the baseline approaches, their strategy
can achieve a higher cache hit ratio and faster response latency.

As Mobile Augmented Reality (MAR) applications, characterized by time-sensitive and
computation-intensive tasks, are becoming increasingly popular, it is very challenging to handle
this computation, even in mobile edge computing environments. Li et al. [17] investigated the joint
task offloading and content caching problem for these MAR applications and tasks. For instance,
they formulate the problem to maximize the hit ratio and minimize the response latency at the
same time. A multi-objective artificial bee colony-based algorithm is put forward to solve this
optimization problem. Simulation results reveal that the proposed algorithm can achieve better
performance.

Apart from the content-oriented caching in VEC, task/service-oriented caching in VEC has also
attracted extensive attention in the past few years [6, 8, 22, 34]. In contrast, task-oriented caching
tries to cache task or service-related source code and database library at the edge server in advance,
aiming to shorten the response latency for the offloaded tasks in edge computing environments.
Task/service caching is a complicated process that consumes not only storage resources but also
computing resources, e.g., for instantiating virtual machines and service instances. Chu et al. [6]
tried to maximize the QoF for users in edge computing environments, and they consider service
caching, RA, and task offloading as the decision variables. Solving the formulated MINLP problem
is highly challenging. To address this, the authors propose a two-stage algorithm designed to
obtain an approximately optimal solution. The simulation results demonstrate the effectiveness
and robustness of the proposed approach.

There exists a situation where tasks with dependency relationships are offloaded to the net-
work edge in VEC. To improve the performance of such VEC systems, Shen et al. [22] inves-
tigated this joint problem of task offloading and service caching in VEC. Particularly, vehicles
offload their tasks to RSU for execution using the software-defined network, and RSU can cache
and reuse the corresponding services for subsequent offloaded tasks. They try to optimize the
offloading efficiency, which is defined as a weighted sum of response latency and energy con-
sumption for vehicular tasks. A semi-distributed algorithm is put forward for this problem, and
the simulation shows that their approach is better than the comparison baselines. A VEC frame-
work was proposed in [12], which consists of two different modules in terms of functionality
and roles played in the framework. For instance, one module focuses on microservice caching
in VEC networks, and the cluster-based caching technique is adopted to cache those frequently
requested microservices in VEC. The other module, on the other hand, focuses on the task offload-
ing and execution in VEC. For instance, it leverages the computational capabilities of the edge
servers and vehicles to achieve appropriate computation spreading between them in a collaborative
manner.

It shall be noted that service caching can cause inescapable latency and energy costs. In view of
this, Wang and Du [28] studied the joint service caching and task offloading problem, and their goal
is to minimize the cost of edge services. A collaborative service caching mechanism is put forward
to motivate service caching and sharing, with the help of caching coalitions. The experimental
results reveal that the approach outperforms other comparison baselines in terms of response
latency and edge network profits.

Different from the aforementioned works, we combine content caching and task offloading in
VEC environments, from the viewpoint of input data reuse. The corresponding contents can be
moved from the cloud center and cached to the edge server in VEC to shorten the response latency
and energy consumption of vehicles.

ACM Transactions on Autonomous and Adaptive Systems, Vol. 20, No. 4, Article 35. Publication date: November 2025.



35:6 C.Tang et al.

™

,:// - ’“\.x

o
Backbone ’\.\_ s

network I
RSU & IE Remote cloud

9\_! | <
Edge server
J Tasl\
offloading

I o
= ’ By, Smart vehicle
- Task / V2I Link I% Content

Fig. 1. Application scenario.

3 System Model

We consider a cooperative task offloading and content caching model in VEC, as illustrated in
Figure 1. There are three kinds of entities, i.e., one RSU, smart vehicles, and the cloud center,
respectively. The RSU, denoted by R, is deployed with an edge server. Denote by N = {1,-- -, N}
the set of vehicles in the model, where N is the number of vehicles. These vehicles can interact
with R using Vehicle-to-Infrastructure (V2I) communication technologies. We assume that the
edge server is empowered with caching capabilities, such that the second part of the task-input
data can be cached to reduce the overall response latency of tasks. Denote by K = {1,---, K} the
set of cacheable contents and K is the total number of contents. Let ci (k € K) represent the size of
content k. These contents can be provided by Content Providers (CP) and stored in the cloud
center. Each vehicle n is assumed to have one task for execution, and the task generated by vehicle
n can be expressed as a tuple of four parameters, i.e., M, = (an, Cnk, Sn, dn), in which a,, is the size
of the first part of the task-input data, c, x is the size of the second part of the task-input data that
requires the content k, s,, denotes the amount of computation required for accomplishing the task,
and d,, is the deadline for the task M,,. The accomplishment of task M, needs to obtain the part c, ¢
from CP in normal circumstances. Moreover, we have ¢;x = cjr = cx (i # j,Vi,j € N). In other
words, different vehicles requesting the same content have the same size as the second part of the
task-input data.

For easy presentation, we refer to the edge server and RSU R for the same meaning and use
them interchangeably hereafter. Also, some key notations are summarized in Table 1. Assume
that the tasks are indivisible and can be processed locally at the vehicles or offloaded to the edge
server. We define a binary variable {;, to denote whether the task M, is offloaded or not. If the
task is offloaded to the edge for execution, {;, = 1, and 0, otherwise. In addition, no matter where
the task is processed, the second part of the task-input data should be obtained from the cloud as
mentioned earlier. However, this way will consume a vast mass of network resources, increase the
response latency of tasks, and degrade the QoE of vehicles. To avoid duplicated data transmission
and mitigate network congestion, we can cache these contents at the edge. In particular, we define
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Table 1. Notations

Notation | Description
R RSU

N The set of vehicles

N The number of vehicles
C The cacheable content set
Ck The size of the content k
K

M,

On

Cnk

Sn

The number of contents

The task generated by vehicle n

The size of the first part of input data for vehicle n
The size of the second part of input data

The computation required for accomplishing the task

dy, The deadline for the task M,

C The total caching capability of the edge server

W The downlink channel bandwidth between n and R
Wap The uplink channel bandwidth between n and R

P The transmission power of R

P, The transmission power of vehicle n

Gn The channel gain between n and RSU R

5° The noise power

n The propagation rate from the cloud center to R

K The effective switched capacitance coefficient

I The number of cycles for per-bit computation

fn The local computing capability of vehicle n

frn The computing resources allocated to M, by R

B The vehicle n’s preference towards the response latency
pe The vehicle n’s preference towards energy consumption
Xk Denote whether the content k is cached at R

ln Denote whether the task M, is offloaded to R

xr (€ {0,1}) as a binary variable to represent whether the content k is cached at the edge server. If
k is cached at the edge server, yx = 1. Consider that the caching capability of the edge server is
limited, and we have the following constraint condition:

D e <G, ()
kekK
where C is the total caching capability of the edge server.

3.1 Local Computing Model

Let f, denote the local computing capability of vehicle n. If n chooses to perform the task M, locally,
it needs to obtain the content k from the outside. If the content is cached at the edge server, the
transmission rate from R to n can be given as:

PG
ri’k = Wy log (1 + 62'1) , (2)

where Wy, P, and G, are the downlink channel bandwidth between n and R, transmission power
of R, and channel gain between n and RSU R, respectively. 5 denotes the noise power. Note that
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we adopt the orthogonal spectrum for data transmission between R and n to avoid co-channel
interference. The transmission delay for the content k from R to n can be calculated as:

dle _ Cnk

nk — dl - (3)
r
nk

If the content is not cached at the edge server, R needs to obtain this content from the cloud and
then transmit it to n. Accordingly, the transmission delay for the content k from the cloud center
to n can be calculated as:

[ k C k
le,uc — n. + n , (4)
nk rdl n

nk

where 7 is the estimated propagation rate from the cloud center to R via the backbone network
based on statistical data and empirical knowledge. Combining the variable y, the generalized
transmission delay taken to obtain the content k from the outside can be expressed as:
dl dl, di,
Tk = XL+ (1= ) T )
When the task-input data are complete, the vehicle n can process the task immediately. The time
taken to accomplish the task can be given as:
Sn

T = —. (6)
nk fn
The response latency for local computing can be given as:
loc _ dl
T =T + Ty (7)

The energy consumption for calculating the task M, at vehicle n can be given as:

E = xi(fy)2sm, 8)

where k and 1 are the effective switched capacitance coefficient, and the number of cycles required
for the computation per bit.

3.2 Task Offloading Model

If the vehicle n offloads task M, to the edge server, the response delay comprises four parts: (1) the
time taken to transmit a, to R, (2) the time taken to obtain ¢, x, (3) the time taken to execute the
task at R, and (4) the time taken to deliver the output back to vehicle n from R. Considering the fact
that the output size is much smaller than the input and the downlink rate for data transmission is
also much larger than the uplink rate, we in this article ignore the fourth part of the response delay
[11]. Next, we introduce how to calculate the first three parts of the response delay.

The data rate for task offloading from n to R can be calculated as:

P,G
el = w, log(1+ ';2”), (9)
where Wy, P, Gy, and &2 are the uplink channel bandwidth between n and R, transmission power
of vehicle n, the channel gain between n and RSU R, and the noise power, respectively. Thus, the
time taken to transmit the task-input data to R can be expressed as a,,/ rflf !,
If the content k is cached at the edge server, the task execution starts upon the arrival of the
input data (i.e., a,). The offloading time in this case can be expressed as:
off.c _ Qn
T, = —ro 7 (10)
n
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On the other hand, if the content k is not cached at the edge server, R needs to obtain this content
from the cloud. The propagation delay taken to obtain k from the cloud center can be calculated as:

C
TProve = 2K, (11)
" n

The task execution cannot be started until both parts of the input data arrive at the edge server.
In this case, the offloading time can be given as:

T,fff’”c = max{ Gn Tpm’uc} ) (12)

o > n,k
rnf

Combining the variable yj, the generalized transmission delay for transmitting the task-input
data can be expressed as:

T = T+ (1= e, (13)

Therefore, the energy consumption for vehicle n to offload the task M, to the edge can be
expressed as:

S = p, f}'}f (14)

Let fr, denote the amount of computing resources allocated to task M, by R. The calculation
delay is given as follows:

s
Téxe = 15
n J(‘R n ( )
Accordingly, the response latency for the offloaded task M, is:
d
S T @

Combining the variable , for vehicle n, the response latency for the task M,, can be generalized as:
Ty = (1= {) T + {, T (17)
In the meanwhile, the energy consumption for vehicle n can be generalized as:

Ep=(1-{)E° + (,EXY. (18)

3.3 Vehicular Task Utility

Various metrics can be adopted to evaluate the performance of the VEC systems from different
angles. For instance, from the perspective of vehicles, the response latency of the tasks is much
more important than other evaluation metrics such as energy consumption, especially when the
driver in the vehicle seeks the ultra-low-latency QoE for some computationally intensive tasks.
The reduction of response latency for vehicular tasks is also the original intention of VEC. On the
other hand, energy consumption as another evaluation metric, especially for electric vehicles, has
also aroused extensive attention in the past few years. Accordingly, in this article, we define the
task utility for M,,, which incorporates the two factors as follows:

Jn = ﬂrtlTn + ﬁflEn; (19)

where S, B¢ € [0,1], and S, + % = 1,¥n € N. The two parameters denote vehicle n’s preferences
towards the response latency and energy consumption, respectively. For instance, if vehicle n
pursues the ultra-low-latency QoE, n can increases f; and decreases <. If n cares about the energy
consumption more than anything, it can increase ¢ and decrease f8, with the aim of reducing the
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energy consumption at the expense of longer response latency. In an extreme case where n only
cares about the response latency, then, f; =1 and f¢ = 0.

4 Problem Formulation

The objective of this article is to minimize the task utility for all the tasks in the optimization
period, by jointly optimizing task offloading, content caching, and RA in VEC. Before going further,
we define three kinds of decision policies, i.e., the offloading policy ¢, the caching policy y, and
the computing RA policy 7, respectively. In addition, denote by N, the set of vehicles offloading
their tasks to the edge, i.e., N, = {n|{,, = 1,Vn € N}. Then, the three policies can be given as
{ ={8|Vn € N}, x = {xxlk € K}, and F = {frn|Vn € N,}. Note that if the vehicle n does not
offload its task to the edge, the edge server does not allocate any computing resources to it, i.e.,
fra =0,¥n ¢ N,. Hence, the utility of the VEC system in this article can be defined as:

JEGxF) =D I (20)

neN
Our JTOCA optimization problem in VEC can be formulated as:

P : mi X6 F
min J . F)

st fu < fi", VneN, (21)
T,<d, VneN, (22)
Z ﬁ?,n < fR,maxa (23)
neN
Z Xkek < C, (24)
keK
Gk €{0,1}, Vne N, Vk e K, (25)
frn 20, VneN, (26)

where the inequality (21) ensures that the local computing resources allocated to the task M,
should not exceed the maximal computing capability of n, when the task is executed locally. In
the meanwhile, the task M,, should be accomplished before its deadline, which is specified by the
inequality (22). In addition, the computing resources allocated to the offloaded tasks should not
exceed the maximal computing capability of the edge server, which is guaranteed by the inequality
(23). The inequality (24) denotes that the size of cached contents should not exceed the caching
capability of the edge server.

Remark: Our optimization problem JTOCA is an MINLP problem, which usually takes exponential
time to find the optimal solution. Such high time complexity is practically prohibitive in a large-scale
VEC network. Considering the large number of vehicular tasks and cacheable contents, we aim
to design a suboptimal solution with low time complexity that can be applied to solving JTOCA
practically in this article.

4.1 Problem Decomposition

By analyzing the dependency relationships of the decision policies in the objective function and
constraints of JTOCA, we have following two observations. First, the second term on the Right-
Hand Side (RHS) of Equation (19) only depends on the offloading decision {,, of task My, i.e.,
the energy consumption of vehicle n for task M, is independent of the content caching and RA
decisions made by the edge server. Second, the three decision policies are tightly coupled in the
objective function as well as the constraints. To decouple the decision variables ¢, y, and # from
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each other, we need to decompose the original optimization problem #. Note that temporarily
fixing the offloading and caching variables {,,|Vn € N'} and { x|k € K}, the JTOCA problem can
be rewritten as:

P1: min(min J(, y, F))
ix 7
s.t. (21) — (26) (27)
where the constraints (22), (23), and (26) on the RA at the edge are decoupled from the constraints
(Equations (21), (24), and (25)) on the task offloading and content caching. Hence, solving the
problem P1 is equivalent to solving the following JOC problem.
P2: min J*(Z, x)
&
s.t. (21),(24),(25) (28)
where J*({, y) is the function with optimal value regarding the RA problem, given below,
J (&= min T xF)
s.t. (22),(23), (26) (29)
Thus, we can transform the original problem % to problems #1 and $2, and such a transformation
does not affect the optimality of the solution [26]. Accordingly, we can obtain the solution to

by solving the problems $1 and P2, respectively. Namely, we can solve the JTOCA problem by
solving the JOC and RA problems.

5 Algorithm Design for JTOCA Problem

In this section, we try to solve the JTOCA problem by designing an approach of low complexity.
Specifically, we solve the decomposed JOC and RA problems, respectively, to obtain the solution to
the JTOCA problem.

Given feasible task offloading decision { and content caching decision y that both satisfy their
own constraints, we can expand the expression of the objective function (Equation (20)) as:

JGtF) = ) BAlTe + LT =) + BB + M(S, 1 F), (30)
ne N

where M({, ¥, F) = Xnen, ,Bflj% We observe that the first term on the RHS of Equation (30) is
totally independent of the compuﬁng RA decision ¥, while the second term on the RHS of Equation
(30) (i.e., M(Z, x, F)) can be regarded as the function of the RA decision ¥, given the task offloading
decision and content caching decision.

5.1 Computing RA

Given feasible offloading decision and content caching decision, the subproblem RA (i.e., J*({, x))
can be equivalently transformed into the optimization of M({, y, ¥ ) based on the above analysis, i.e.,

RA : m(}itn M, x. F)
s.t. (22), (23), (26) (31)

LEMMA 1. The optimization problem RA is convex.

Proor. Please refer to Appendix A. O
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We can obtain the optimal RA scheme by solving the problem RA via Karush-Kuhn-Tucker
(KKT) conditions. We construct the Lagrangian function for the problem RA L(¥, v, 11) as follows:

L(F,v, /1) = Z ﬁfl;n + Z 0, (T — dp) + H (Z ﬁ?,n _fR,max)
neN, R.n neN neN
= Z ﬁrtl;n Z 0 (T — dp) + Z 0 (T — dp) + H ( Z fR,n _fR,max) >
nenN, Ron nenN, neN/N, nenN,

where v = {v,|v, > 0,Vn € N} and u(> 0) are the Lagrangian multipliers. Take the first partial
derivative of L(¥, v, i) regarding # and let it equal zero, i.e.,

OL(F, v, p)
oF

and we can get

OL(F, v, 1) . ﬁnsn + 0} Sn

= =0, Vn e N,.
aﬁ?,n : fR n
Hence, the optimal RA strategy f; , can be calculated as:
t + 0¥
fin =Pt oy (32)
' H
The Lagrangian multiplier y* satisfies,
Z f;,n = ﬁ?,max, (33)

neN,
which is guaranteed by the following lemma, i.e.,

LEMMA 2. The problem RA can be optimized if and only if the computing resources at the edge server
are fully allocated.

ProoOF. Assume that the problem RA can be optimized when the computing resources at the edge
server are not fully allocated. That is, e n;, fz,, < fRmax holds. Then, we allocate the remainder
of the computing resources (i.e., fRmax — Dine A}u fz) to an arbitrary task M, (n € No). Given the
objective function M({, x, F) = Xpen, ﬂ,’”% we find that the optimal value of M({, y, ¥) can be
further decreased since the task M, is allocated with more computing resources. That contradicts
the assumption that the RA problem can be optimized when the computing resources at the edge
server are not fully allocated. Accordingly, the proof is completed. O

By substituting Equation (32) into Equation (33), we can obtain y* as follows:

2
i = (ZneNa V,B,tls,, + U;an)

(34)
fR,max
In addition, v* = {v};|Vn € N} satisfies v}, (T, —dn) =0, and T,, < d,, Vn € N, according to the
KKT conditions. So, the value of f; depends on the following two cases.
Case 1: The optimal value for the computing RA f3 ., Vn € N, strictly satisfies the inequation
Ty < dp,ie, fg, is located in the interior of feasible zone of the inequation T,, < d;,, and we have
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v, = 0. Thus, combining Equations (32) and (34), we can obtain f;  as:

_ fR,max \Y ﬂfzsn

== VneN,. 35

fRJl ZmENo Vﬁrtnsm ’ 9

Case 2: The optimal value for the computing RA fy . Vn € N, satisfies the equation T,, = dy, i.e.,

Jgn is located in the border of feasible zone of the inequality T, < d. In this case, the following
equation holds,

T 4+ 20— 4, VneN, (36)
’ fR,n
and we can obtain the optimal value f;  directly by solving Equation (36),
* Sn
fon=—"—"—77 VYneN.. (37)
d, -T2

Hence, the optimal computing RA policy ¥ can be expressed as:

f;,n = max { ZmeNo \/ﬁfnsm ’ dn_T::Jl:f } , € NO: (38)
0, neN/N,.

5.2 JOC Problem

After solving the problem RA, we pay attention to the JOC problem. This problem jointly determines
the task offloading and content caching policies as shown in the problem #2, given the computing
RA policy ¥ . As presented earlier, we can obtain the optimal RA policy ¥, given the task offloading
and content caching decisions { and y, respectively. That is,

Jox) = D) BITI + Ga(Tot = Tho) ] + eEn + M(Z, x, F), (39)
neN
where M(Z, x, F7) = Xpen, ﬂflfs—" Thus, the JOC problem in $2, subject to the constraints (Equa-
Rn
tions (21), (24), and (25)), can be rewritten as:
min J (¢, x). (40)
&x

As observed from this optimization problem, both the offloading and caching decisions are
binary. An exhaustive search approach is the most straightforward method to obtain the optimal
solution; however, it requires exponential time, specifically O(2V*X), over the potential solution
space. This is computationally prohibitive, particularly in large-scale VEC networks. Therefore, a
heuristic algorithm is necessary to find a suboptimal solution to problem (Equation (40)) within
polynomial time.

We notice that the two decisions are tightly coupled with each other. The caching decision is
usually made based on the offloading requests, and in turn, the offloading decision is also affected by
the cached contents at the edge server. To decouple them from each other, we propose a two-stage
decision-making process in this article, with one stage determining the content caching policy and
the other stage responsible for determining the offloading decision based on the content caching
policy.

LeEMMA 3. Taking no account of task offloading and computing RA, the optimization problem in
(Equation (40)) w.r.t. caching decision y is NP-hard.
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Proor. The proof is simple and thus omitted here. Please refer to the works [25, 37] for details. O

Accordingly, in stage one, it is necessary to design a heuristic algorithm to address the content
caching in polynomial time. As is well known, the key to significantly improving the cache hit ratio
is to raise the frequency of cached contents that are requested. Accordingly, it is always beneficial
to cache those most frequently requested contents in the VEC system. On the other hand, caching
those contents with larger sizes at the edge server can substantially reduce the network burden
and response delay which also accords with our optimization objective in this article. Combining
the two factors, we define the content popularity of the content k as follows:

Ry — ming,cx Ry Ck — MiNyex Cm

I'(k) =w; (41)

maXmex Rm — mingex Rm e MaXpek Cm — Mipek Cm
where Ry = 3, ey I{m == k|cpm € My}, indicating the number of tasks requesting the content k.
I{-} is the indicator function. I{x} = 1, if x is true, and I{x} = 0, otherwise. ¢, ,, € M,, means the
task M, requests the content m with the content size ¢, ,,. w; and w;, are the weights to indicate the
tradeoff between the two factors and wy + w; = 1. For instance, if the distribution of requests on
the contents is more uneven than the distribution of content sizes, we can increase w; properly to
represent that the cache hit ratio should be paid more attention. On the other hand, we can increase
wy to underline the importance of content sizes if the distribution of content sizes is more uneven
than the distribution of requests on the contents. We then adopt a heuristic greedy approach to
determine the content caching decision y, which can be outlined as follows. First, RSU acquires the
task information from the beacon information exchanged with vehicles, when they communicate
with each other via V2I technologies. We assume that RSU can also acquire the information on the
cacheable contents K. Then, RSU calculates the content popularity I'(k) for each content k and
sorts the contents in descending order of the content popularity. Given the caching capability C,
our heuristic greedy rule is that RSU always chooses to cache the content with the largest value of
content popularity so far. The procedure repeats until no more contents can be cached. Specifically,
the details are shown in Algorithm 1. A maximum heap H is used to store the sorted contents. The
algorithm repeatedly retrieves the content from H to check whether the current content k can be
cached (lines 8-12). If the program loop (line 8) ceases, it means that the current content k cannot
be cached, because of the caching memory violation. Considering the possible residual memory
capacity at the edge, we should continue to check whether other contents with smaller sizes can be
cached (lines 15-21). Obviously, the time complexity of this algorithm is O (K log K), incurred by
the sorting algorithm (line 6).

After determining the content caching decision, we can solve the task offloading issue in stage
two. Similar to the caching decision, the task offloading decision variable { is also binary. In VEC,
the high mobility of vehicles and the deadlines of vehicular tasks require that the time spent on
the offloading decision-making should be almost real time. Unfortunately, even given caching
decision y* and computing RA F*, we still require the time complexity of O(2N) (e.g., adopting the
exhaustive searching) to optimally solve the combinatorial optimization problem (Equation (40)).
Such an approach with high time complexity brings prohibitive costs in large-scale VEC networks.

To tackle the above issue, we put forward a low-complexity heuristic algorithm to solve the task
offloading problem. Before proceeding further, we need to discuss the following two cases when
determining whether the task should be offloaded.

Case 1: The vehicle n cannot totally undertake the computation of its task M,,. This case occa-
sionally takes place when the computing capability of n is not sufficient. This case will
give rise to the violation of the deadline. In this case, it is no doubt that the task M,, will
be offloaded to the edge, since the offloading decision is binary.

ACM Transactions on Autonomous and Adaptive Systems, Vol. 20, No. 4, Article 35. Publication date: November 2025.



Joint Optimization of Task Offloading Content Caching and RA in VEC 35:15

Algorithm 1: Heuristic Greedy Approach for Content Caching

Input: Required parameters

Output: Content caching decision y
1 Initialize a maximum heap H;
Initialize y : {yx = O}le, w; and wy;
Acquire {M,|n € N}, K,
Calculate Ry for each content k € K;
Calculate I'(k) for each k € K based on Eq. (41);
Sort the contents in descending order of I'(k), Vk € K;
Store sorted contents using H;
while C > 0 do

k = H.pop();

10 Xk =1
11 C—=cy;

W N

(3}

o & N

12 end

13 yr = 0;

11 C+ = cp;

15 while H is not empty do
16 k = H.pop();

17 if C — cx > 0 then
18 Xe=1;

19 C— =c;

20 end

21 end

22 Return y;

Case 2: The vehicle n can undertake the computation since it has sufficient computing resources
and can thus satisfy the rigorous latency requirement of n. In this case, whether M, is
offloaded or not depends on which way can bring the smaller value of the objective
function.

Generally, the heuristic algorithm is depicted in Algorithm 2. We first determine those tasks that
fall into the category of Case 1 (lines 1-2). Denote by S, the set of these tasks. As shown in the
algorithm, S, can be expressed as S, = N/S, where S denotes the set of tasks falling into the
category of Case 2 described above. Then, the offloading decision ¢ can be initialized based on S,.
That is to say, { = {{, = 1|VM, € Sp} U {{, = 0|VM,, € S}. Denote by OPT the optimal value of
the objective function w.r.t. (Equation (40)) we have found so far. We then repeat the following
procedure. The heuristic rule is that in each iteration, we find the task M,, from S that can bring
about the minimal value of the objective function, in comparison with other tasks from S, if the
task M,, is offloaded for execution. If the task is found, then it is removed from S and added to S,.
Meanwhile, the task offloading decision { and the optimal value OPT are updated, respectively.
The procedure repeats until the variable OPT does not decrease.

Inspired by the works [26], we can further improve the performance of the algorithm by the
exchange operation (lines 12-20). Specifically, suppose that two tasks M and M; come from S, and
S, respectively. If we swap the offloading decisions of My and M; (i.e., i : 1 — 0and {; : 0 — 1), the
value of the objective function decreases, namely, ](§|§k:1’§lzo, ¥SF) > ](g"|§k:0’§l:1, x5 F). In
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Algorithm 2: Heuristic Task Offloading Algorithm for VEC
Input: Required parameters
Output: Task Offloading Decision {
1 Calculate T,ll"C via Eq. (7), Vn € N;
2 Determine task sets S = {M,|T}° < d,,Vne N}and S, = N/S;
3 Initialize { based on S,;
4 Initialize OPT;
// Record the optimal value found so far w.r.t. (40)
repeat
Find M,, € S such that {;, = arg min J({, y*, F*);
(:n =1
Update OPT;
S — S§/Mp;
10 S, — So U M,;
11 until OPT not decrease or S is empty;
12 for each task M; € S do
13 Find the index pair (k*,1*) by solving: (k*,[*) = arg max{AJi 1({)|Mk € S, M; € S};
14 if AJg - () > 0 then
// Conduct exchange operation

o e N G

15 {r=0and {; =1;
16 S, — S,/ My U M;y;
17 S «— S§/M; U My;
18 Update OPT,;

19 end

20 end

21 return {;

this case, the algorithm will conduct the exchange operation by swapping their offloading decisions
to further optimize the objective function, on the condition that the constraints are satisfied. In
particular, we define AJi ;1 ({) = J({lg=1.4=0, X*> F ) = J({lgi=0.5=1, X" F*) as the optimality gap by
swapping the offloading decisions of My and M;. conducting the exchange operation. The algorithm
searches the index pair (k, ) that can maximize the optimality gap AJi;({). Then, the exchange
operation is conducted on (k, I) as follows. The task M is removed from S, and added to S, and
the task M; is removed from S and added to S,. Meanwhile, the algorithm updates the offloading
decisions by setting {; = 0 and {; = 1, respectively.

Remark: The time complexity of this heuristic algorithm can be analyzed as follows. Obviously,
the Repeat loop and For loop can incur plenty of time expenditure. Considering the worst case
where the initial S, is empty, it is necessary to traverse N tasks in S to find the optimal M, that
satisfies ¢, = argmin J({, y*, ") at the beginning. The task is then removed from S, and the
procedure repeats. In the worst case for the number of Repeat loops, it is beneficial to offload
each task in S. Thus, the procedure repeats until the set S is empty. Accordingly, the total time is
N+(N=-1)+---+1= Z,N i = O(N?). On the other hand, the For loop aims to find replaceable tasks
in S, to enhance the performance of the algorithm. Given a task M, it is necessary to traverse all the
tasks in S, to find the optimal index pair satisfying (k*, [*) = arg max{AJi;({) My € So, M; € S},
which takes the time complexity of |S| - |S,|. Since |S]| - |S,| < (%)2 = O(N?), the time
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Table 2. Parameter Settings

Parameter Value Parameter Value
N [20,100] ¢k [1,500]KB
K [15,100]  dtn [10,60]KB
Sn [40,70] c 1,500KB
n 30 KB/s Kl le-7
fn [1,000, 2,000]  fRmax 15,000
i 0.7 B 0.3
wq 0.8 wo 0.2
Popsize 100 Stepmax 50
Crossover probability 0.2 Mutation probability 0.02

complexity of this part is also of O(N?). As a result, the algorithm takes the time complexity of
O(N?) to make the offloading decisions.

6 Performance Evaluation

In this section, we conduct extensive simulations to evaluate the proposed JTOCA optimization
strategy. The simulation consists of two processes. The effects of involved parameters are inves-
tigated in the first process, and the performance evaluation in comparison to other approaches
is conducted in the second process. All the simulation is carried out on a desktop computer with
a 2.5 GHz Intel(R) Core(TM) i5-13400F CPU, 16 GB of RAM, Microsoft Windows 11 Operating
System, and Python 3.7. Some key parameters involved in the simulation are outlined in Table 2. For
instance, the number of cacheable contents ranges between 15 and 100, and the number of vehicles
ranges between 50 and 100. Each vehicular task M, is generated randomly, and the deadlines for
task accomplishment are appropriately set to guarantee that there always exist some tasks that
must be offloaded to avoid constraint violation. In addition, we evaluate the performance of our
strategy against the following approaches.

— Genetic Algorithm (GA): The JOC problem includes two discrete variables { and y, and GA
is well positioned for solving such problems, as in [18]. In the simulation, we concatenate
the two variables to form the chromosomes and further generate the population with 100
individuals.

— Request Maximizing Caching and Offloading: This approach adopts a greedy rule to make
caching decisions and then adopts the proposed Algorithm 2 for task offloading. The greedy
rule is that the content that is the most frequently requested by vehicular tasks is always to
be cached first [29]. In the simulation, we denote this approach by “Request_Max.”

— Content Maximizing Caching and Offloading: This approach also adopts a greedy rule to make
caching decisions and then adopts the proposed Algorithm 2 for task offloading. Different
from “Request_Max,” the adopted greedy rule is that the content with the largest data size is
always to be cached first. The principle behind it is that caching such contents can drastically
reduce the transmission delay over the backhaul network as well as the front-haul network.
We denote this approach by “Content_Max” in the simulation.

— Hybrid Approach: The approach combines GA with the proposed algorithm for task offloading.
Particularly, it makes the content caching decision based on GA and adopts Algorithm 2 to
make the task offloading decision. Compared to the first baseline that concatenates caching
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Fig. 2. The impact of w; and wy.

and offloading decisions to encode the chromosomes, individually encoding the caching
decision can accelerate the convergence rate of GA.

6.1 Impact of Parameters

As discussed earlier, w; and w; are the weights to indicate the tradeoff between the content
requesting frequency and the content size. To determine the appropriate weights, we have conducted
a series of simulations and the simulation results are shown in Figure 2. In the simulation, the
number of vehicular tasks ranges from 50 to 100 and the number of cacheable contents is set to 15.
The x-coordinate denotes the number of tasks and the y-coordinate denotes the optimal values (i.e.,
J(&, x, F)). The term “Weight” in this figure denotes the weight wy, and w, = 1 — wy.

The simulation results reveal that paying more attention to the content requesting frequency can
bring about better performance in terms of the optimal value. For instance, the average optimal
value reduces by about 19.4%, when w; is set to 0.8 instead of 0.1. Intuitively, caching those
most frequently requested contents at the edge can greatly shorten the response latency and the
simulation results accord with the expectation. Accordingly, if not stated otherwise, we set w; to
0.8 as the default value in the following experiments.

We have investigated the influence of the caching capability of the edge server on the performance
in the following simulation. The simulation results are shown in Figure 3, where the x-coordinate
denotes the number of tasks and the y-coordinate denotes the optimal values. It is observed
that the more powerful the caching capability, the better the performance, no matter how the
number of tasks varies. This result also accords with the expectation, as caching more content
at the edge can cater to more task offloading requests. In the following experimental evaluation,
the caching capability at the edge server takes 1,500 KB as the default value, unless otherwise
stated.
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6.2 Performance Comparison

We have conducted extensive simulations to evaluate the performance of our strategy. The sim-
ulation results for the performance comparison are reported in this section. First, we compare
our approach with the four aforementioned baselines in a small-scale VEC network, since the
GA-based approaches, including “Hybrid,” are time-consuming in reality. Particularly, the number
of cacheable contents is set to 15, and the number of vehicular tasks ranges between [20, 70].
Considering the influence of content requests upon performance, we investigate three cases in
terms of the dynamics of content requests. The first case is that each vehicular task correlates with
the required content randomly. The second case is that most of the vehicular tasks correlate with
the required contents with small data sizes. For instance, we assume that the vehicular tasks request
small-sized contents with a probability of 80% in the simulation. The last case is that most of the
vehicular tasks correlate with the required contents with large data sizes. Similarly, we assume
that the vehicular tasks request large-sized contents with a probability of 80% in the simulation. By
considering these cases, we want to investigate the robustness and applicability of our approach.

The simulation results are depicted in Figure 4. The simulation results in Figure 4(a)—(c) correspond
to the above three cases, respectively. From the figure, several conclusions can be made as follows.
Generally, the proposed JTOCA optimization strategy has the best performance regarding the
optimal values in the three cases. The “Content_Max” approach has the worst performance in the
three cases, which can be attributed to the fact that this approach ignores the significant importance
of content offloading frequency. As a matter of fact, individually caching those contents with large
data sizes makes no sense, if these contents are not requested by vehicular tasks at all. In contrast,
the “Request_Max” approach can reach the second-best performance among these approaches,
even if it regards the content offloading frequency as the only evaluation metric in content caching.
In addition, the iteration-based GA and “Hybrid” approaches are better than the “Content_Max”
approach, but worse than the “Request_Max” approach and our approach. As for the performance
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comparison between GA and the “Hybrid” approach, there are no obvious patterns as the number
of vehicular tasks increases. For instance, the “Hybrid” approach is better than GA when the
content requests focus on the contents with small sizes, as observed in Figure 4(b), and the “Hybrid”
approach is worse than GA when the content requests focus on the contents with small sizes, as
observed in Figure 4(a) or (c).

In the following simulation, we investigate the response latency of these approaches. Specifically,
for the iteration-based GA and “Hybrid” approach, the population size (i.e., Popsiz.) and the number
of iterations (i.e., Stepmqx) are set to 100 and 50, respectively. The results are depicted in Figure 5,
where the x-coordinate denotes the number of vehicular tasks and the y-coordinate denotes the
response latency. Obviously, the response latency for GA and “Hybrid” increases rapidly as the
number of vehicular tasks increases. The time taken to make caching and offloading decisions in
time-critical VEC networks is prohibitive, especially when the number of contents and tasks is
very large. In addition, “Hybrid” is better than GA regarding response latency since it only encodes
the caching decision as an individual, thus reducing the length of the chromosome to a great extent
and accelerating the convergence rate in the simulation.

In the next simulation, we evaluate the performance of our JTOCA optimization strategy in
a large-scale VEC network that consists of a large number of cacheable contents. Considering
the time-consuming inherent property of iteration-based approaches, we do not choose GA and
“Hybrid” as the comparison baselines any longer in the following evaluation. Specifically, the set
of contents is composed of two distinct parts. One part consists of randomly generated contents
within the interval [1, 100] KB, and the other part consists of randomly generated contents within
the interval [300, 500] KB. The caching capability is set to 4,500KB in this experiment. The number
of contents is 100, and the number of vehicular tasks ranges from 20 to 70. Similarly, we also discuss
three cases as mentioned above.

The simulation results are reported in Figure 6. Among the three approaches, our approach can
reach the best performance in terms of the optimal values, no matter how the number of vehicular
tasks varies. The “Content_Max” approach is the worst among the three approaches, even if the
number of tasks is small. In contrast, the “Request_Max” approach always obtains the second-best
performance in the simulation, which proves that the content requesting frequency is an important
evaluation metric when making the content caching decision.

6.3 Real-World Application Scenarios

With the rapid advancement of the Internet of Vehicles, New Energy Vehicles (NEVs), such
as Tesla and XPENG, are increasingly equipped with high-precision sensors (e.g., LIDAR, cam-
eras, mmWave radar) and vehicle-to-everything connectivity technologies, supported by high-
performance onboard computing systems (e.g., NVIDIA Orin). Multimedia-oriented vehicular tasks,
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such as real-time High-Definition (HD) map rendering (e.g., 3D semantic maps) and dynamic
path planning in complex urban environments, require substantial computing resources and en-
ergy consumption, thereby posing significant challenges to the onboard systems. In this context,
caching-enabled task offloading technologies can effectively alleviate the computational burden on

local onboard systems of vehicles. For example, data related to HD map rendering can be cached at
RSUs, and vehicular tasks requiring these data can be offloaded for execution at RSUs.

On the other hand, NEV smart cabins are transforming into what is referred to as “the third
living space” [9], integrating multi-screen interactivity, AR navigation, and VR cloud gaming.
However, achieving high-resolution rendering and low-latency interaction necessitates advanced
onboard hardware. Alternatively, data associated with AR/VR graphic rendering can be cached at
edge servers, allowing vehicular tasks requiring these data to be offloaded to RSUs. Subsequently,
compressed and low-latency video streams are generated at the network edge, thereby reducing
the computational loads on vehicles. Generally, recent advancements in the engineering domain
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have enabled the practical implementation of theoretical insights regarding task offloading and RA
within VEC systems.

7 Conclusion

Computation task offloading from vehicles has been a hot topic in VEC in the past few years.
Different perspectives lead to different solutions for improving the performance of VEC systems in
terms of response latency, energy consumption, and spectrum resources. In this article, we have
proposed a content caching-assisted task offloading strategy in VEC, and the principle behind this
is that the task-input data usually include a reusable part, i.e., the universal context data. Several
heuristic rule-based algorithms are proposed to tackle the formulated MINLP problem. A series of
experiments is conducted to evaluate the performance of our strategy, and the simulation results
reveal its advantages in comparison to other baseline approaches. For future work, we plan to
design more intelligent algorithms, such as deep reinforcement learning-based approaches, to solve
similar problems.
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Appendix
A Proof of the Lemma 1

First of all, we prove that the objective function M({, x, F) = X pen, ﬂflffT" in RA is convex w.r.t.
F.LetH, = ,Bflf;—"n Vn € N, and we then prove that H,, is convex w.r.t. ¥ as follows. The partial
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derivatives by differentiating H, w.r.t. ¥ can be calculated as:
Blsn .
OH, —tes i=n,
= R
ofw,i 0, i #n.
Then, the second partial derivatives are given as:
t
*H, 2ﬁ+s", i=nandj=n,
—_— fi{n
fridfr

0, otherwise.
Accordingly, the Hessian matrix of H,, can be given as:

Zﬁisn
flg,n

M(Hy) =

oS © © o
oS © o o

0 =+ +ev  eo 0

We observe that YT MY > 0 always holds for an arbitrary nonzero vector Y, so M(H,,) is positive
semi-definite. Accordingly, H, is convex w.r.t. ¥, Vn € N,. Owing to the additivity attribute of
convex function, ), No H,, is also convex w.r.t. . Thus, the objective function M({, y, F) is
convex.

Second, we need to prove that the constraints are also convex. Obviously, the constraints (Equa-
tions (23) and (26)) are convex. For the constraint (Equation (22)), its left-hand side T,, (Vn € N) can
be expanded as:

To = (1= LT + u(TH + Te%¢)
Sn
fR,n '

We need to discuss T, depending on the following two cases. One case is that the vehicle n
executes its task M, locally, i.e., n ¢ N,. We then have T,, = T,{"C that is independent of the RA
policy ¥ . Obviously, T, as a constant is convex regarding ¥ .

The other case is that the vehicle n offloads M,, to the edge, i.e., n € N,. We have T,, = Ti{f +
Sn/frn- Only the last term on the RHS (i.e., s,/ frn) depends on the RA #. The second partial
derivatives of T,,, w.r.t. ¥, are given as:

= (1= )T + LT + 4

_9mn fn
Ofr,i9fr j

0, otherwise.

Similarly, the Hessian matrix of T,, regarding ¥ can also be constructed. We have X” MX > 0
always holds for an arbitrary nonzero vector X, so M(T,) is positive semi-definite. Accordingly,
combining the two cases, T, is convex w.r.t. ¥, Vn € N. Thus, the constraint (Equation (22)) is
convex. As a result, the RA is a convex optimization problem, and the proof is completed.

T, {25—">O,i=nandj=n,
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