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ABSTRACT: Vehicle Edge Computing (VEC) and Cloud Computing (CC) significantly enhance the processing
efficiency of delay-sensitive and computation-intensive applications by offloading compute-intensive tasks from
resource-constrained onboard devices to nearby Roadside Unit (RSU), thereby achieving lower delay and energy
consumption. However, due to the limited storage capacity and energy budget of RSUs, it is challenging to meet
the demands of the highly dynamic Internet of Vehicles (IoV) environment. Therefore, determining reasonable
service caching and computation offloading strategies is crucial. To address this, this paper proposes a joint service
caching scheme for cloud-edge collaborative IoV computation offloading. By modeling the dynamic optimization
problem using Markov Decision Processes (MDP), the scheme jointly optimizes task delay, energy consumption, load
balancing, and privacy entropy to achieve better quality of service. Additionally, a dynamic adaptive multi-objective
deep reinforcement learning algorithm is proposed. Each Double Deep Q-Network (DDQN) agent obtains rewards for
different objectives based on distinct reward functions and dynamically updates the objective weights by learning the
value changes between objectives using Radial Basis Function Networks (RBFN), thereby efficiently approximating the
Pareto-optimal decisions for multiple objectives. Extensive experiments demonstrate that the proposed algorithm can
better coordinate the three-tier computing resources of cloud, edge, and vehicles. Compared to existing algorithms, the
proposed method reduces task delay and energy consumption by 10.64% and 5.1%, respectively.

KEYWORDS: Deep reinforcement learning; internet of vehicles; multi-objective optimization; cloud-edge computing;
computation offloading; service caching

1 Introduction
The Internet of Vehicles (IoV) extends the Internet of Things (IoT) paradigm into the vehicular

domain [1], and has great potential in enabling intelligent capabilities onboard terminals [2]. With the
rapid progress of current artificial intelligence technologies, a large number of intelligent applications
have emerged, including collaborative navigation systems, vehicle collision detection, and augmented
reality/virtual reality [3,4]. These applications impose stringent requirements on task delay and energy
consumption, posing significant challenges for resource-constrained in vehicle computing platforms [5]. To
address this, Vehicle Edge Computing (VEC) has emerged as a pivotal solution. By constructing network
topological relationships through vehicles, Roadside Units (RSUs) [6], tasks can be offloaded to RSUs
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for computation in a vehicle-to-infrastructure (V2I) manner, thus meeting the stringent requirements of
intelligent applications [7]. This allows vehicles to obtain efficient and secure services [8].

Facing a large number of heterogeneous tasks from vehicles, RSUs struggle with inadequate computing
resources. In response, a joint cloud computing (CC) approach can be used to offload computation tasks
from RSUs to cloud servers [9]. Utilizing the powerful computing power of the cloud, RSU computational
pressure is alleviated, and the Quality of Experience (QoE) of users can be improved [10].

The specific programs required for edge device computing tasks are usually defined as service caches.
Taking vehicle environment perception as an example, the input data includes sensor data such as radar,
cameras, and lidar around the vehicle. The execution of the task requires caching the corresponding
environment perception service program into the vehicle or edge server, whose input data is usually unique
and difficult to reuse [11], but the relevant service program data can be reused in future executions of
similar tasks.

For RSUs, they need to parallel process significant volumes of vehicular requests, and the vehicle density
on the road is random [12], which results in dynamically changing computational resources [13]. Given
constrained RSU storage capacity, only a portion of service programs can be hosted locally at a time, making
selective caching imperative. In addition, computing resources across RSUs often exhibit disparate allocation
dynamically, thus requiring collaborative offloading to balance the computing load. Since service cache
decisions are closely related to computing offloading decisions, when a service program has already been
cached on RSUs, we tend to choose to offload the execution of tasks. However, existing approaches fail to
resolve critical challenges: 1) How to optimize conflicting objectives such as delay, energy consumption, load
balancing, and privacy entropy in a dynamic vehicular environment. 2) How to jointly optimize service
caching and computation offloading decisions. 3) Adaptive adjustment of the weights among objectives in
multi-objective optimization.

We propose a cloud-edge collaborative Internet of Vehicles (IoV) scenario aimed at optimizing compu-
tation offloading and service caching strategies. Considering the dynamic nature of network structures and
real-time changes in task requests within road environments, we introduce a Multi-Objective Reinforcement
Learning (MORL) algorithm based on Reinforcement Learning (RL). This algorithm leverages storage space
and computing resources from vehicles and RSUs to collaborate with the cloud for computation offloading
while ensuring the privacy and security of tasks. By integrating Radial Basis Function Networks (RBFN)
with Chebyshev scalarization, our approach dynamically adjusts the weights among multiple objectives in
multi-objective optimization. The contributions of this paper are summarized as follows:

1. We design a joint service caching and computational offloading model for cloud-edge collaborative IoV,
formulating task delay, device energy consumption, RSU load balancing, and task privacy entropy as a
multi-objective optimization problem, which is optimized in a unified manner.

2. We propose a Multi-Objective DDQN-Based Edge Caching and Offloading Algorithm (MODDQN-
ECO), which integrates a Radial Basis Function Network (RBFN) with Chebyshev scalarization. This
hybrid approach dynamically adjusts weights by learning the value changes among multiple objectives
and can also incorporate predefined preference values to guide decision making.

3. Through extensive simulation experiments comparing with benchmark algorithms and recent multi-
objective optimization methods, the proposed approach demonstrates superior performance across
multiple metrics, including task delay, energy consumption, RSU computational load, and task pri-
vacy entropy.
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The remaining parts of this paper are as follows. Section 2 surveys state-of-the-art VEC computational
frameworks. Section 3 describes the system model in detail. Section 4 elaborates the Multi-Objective Rein-
forcement Learning (MORL) methodology. Section 5 evaluates the performance of the algorithm through
simulation experiments. Section 6 concludes the research findings of this paper.

2 Related Work
This section summarize prior work on computation offloading in IoV. Bai et al. studied the vehicle

task planning problem with priority constraints and proposed a new strategy heuristic algorithm based on
topological sorting to minimize vehicle travel distance and quickly obtain near-optimal solutions [14]. Zhu
et al. designed an improved NSGA-III algorithm by constructing models of latency and energy consumption
in the Internet of Vehicles, achieving multi-objective joint optimization of system delay and energy con-
sumption [15]. Hussain et al. established an optimization framework examining infrastructure deployment
in vehicular fog networks for latency and energy reduction [16]. Materwala et al. proposed an energy-
aware offloading strategy and used an evolutionary algorithm to optimize the energy consumption of edge
cloud devices [17]. Sun et al. propose a predictive computation offloading method for vehicles, offloading
computation tasks to edge servers using vehicle-to-vehicle (V2V) and V2I communication, then performing
multi-objective optimization of energy consumption and delay using a genetic algorithm [18]. Wu et al.’s
cloud-edge collaboration work establishes a multi-objective formulation minimizing processing delay, device
energy consumption, and costs [19]. Cui et al. developed an edge and terminals collaborative offloading
scheme with multi-objective optimization model, addressing task latency and energy efficiency [20].

Most existing research on IoV computation offloading has focused on using genetic algorithms.
However, traditional MOEAs may not perform well in real-time changing road environments as they require
significant computational time to find Pareto-optimal solutions. DRL, on the other hand, can make real-
time decisions in dynamic vehicle environments, making it more suitable for optimizing problems in IoV.
Moghaddasi et al. proposed a task offloading method based on Rainbow Deep Q-Network (DQN) to
optimize task allocation in a three-tier architecture consisting of device-to-device (D2D), edge, and cloud
computing [21] Lin et al. employed a DRL framework to optimize real-time offloading decisions between
mobile vehicles and RSUs, significantly reducing vehicle delay [22]. Lu et al. investigated a multi-objective
edge server deployment strategy based on DRL, which reduces task delay while improving IoV coverage
and load-balancing capabilities [23]. Liu et al. defined peak and off-peak unloading modes, combining
a simulated annealing genetic algorithm with DQN to alleviate vehicle system delay [24]. Geng et al.
designed a distributed DRL algorithm in order to reduce the task delay and device energy consumption in
the computational offloading problem [25]. To address the high computational complexity and poor real-
time performance of genetic algorithms, we employ a DRL algorithm as the multi-objective optimization
approach in the IoV model.

The aforementioned studies predominantly focus on optimizing individual metrics, with insufficient
exploration of multi-objective collaborative optimization. Amir Masoud Rahmani et al. reviewed integration
approaches of cloud computing, fog computing, and edge computing in the Internet of Things (IoT)
environment, with a focus on the application of meta-heuristic algorithms in task offloading optimization.
They pointed out that these algorithms effectively reduce system delay, energy consumption, and cost by
optimizing task allocation, and also outlined current research challenges and future directions [26]. Yao
et al. formulated the delay and energy consumption optimization problem in dynamic IoV computation
offloading as a Markov Decision Process (MDP) to achieve dual minimization [27]. Liu et al. integrated
convex optimization algorithms with Deep Reinforcement Learning (DRL) to effectively reduce both delay
and energy consumption in computation offloading [28]. Qiu et al. designed a vehicular network model
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considering stochastic task arrivals, time-varying channels, and vehicle mobility, and proposed a deep
reinforcement learning-based computation offloading and power allocation scheme to minimize the total
delay and energy consumption in VEC networks [29]. Shang et al. studied the problem of offloading non-
orthogonal multi-access computation with joint resource allocation and optimized the weighted posterior
of energy consumption and delay [30]. Ullah et al. comprehensively reviewed the current development
of multi-agent task allocation strategies and multi-agent reinforcement learning (MARL) methods in the
Internet of Vehicles (IoV), highlighting the key roles of intelligent learning architectures, security issues,
and computing platforms. They also identified the main challenges in current multi-agent task allocation,
including scalability, complexity, communication overhead, resource allocation, security, and privacy pro-
tection, and proposed potential directions for future research [31]. Most research on IoV computation
offloading simply weight task delay and energy consumption into scalar objectives, which may not satisfy the
preference requirements of different offloading tasks. To address this, we design a constrained multi-objective
reinforcement learning algorithm with dynamically adjusted weights, targeting multiple optimization goals
including delay, load balancing, energy consumption, and task privacy entropy.

Caching the relevant programs required to execute computational tasks is referred to as service caching.
Jointly optimizing service caching and computation offloading decisions can significantly improve the effi-
ciency of task offloading, effectively reducing server computational pressure and the delay of intensive tasks.
Yan et al. proposed a low-complexity heuristic algorithm with a service cache to control the computational
offloading behavior [32]. Ko et al. propose a joint offloading and service caching strategy that considers
heterogeneous service preferences, maximizing the total utility of the MEC system [33]. Zhu et al. designed
an edge caching scheme for the Internet of Vehicles. By pre-dividing and caching content segments, it reduces
the load on the central server and alleviates network pressure [34]. Tang et al. proposed a computational
offloading scheme in conjunction with service caching [35]. In the above studies, some researchers explore
the relationship between computation offloading and caching, but there are still some shortcomings. For
example, Yan’s MEC environment is significantly different from the VEC environment. Zhu et al. study
content caching rather than service caching. Tang’s research does not consider the problem of limited
resources. This paper integrates edge intelligence to achieve the coordination of caching and computing
resources under resource-constrained conditions.

In summary, regarding the multi-objective optimization research in IoV models, many scholars tend
to employ multi-objective evolutionary algorithms to optimize various performance metrics. However, such
algorithms often fall short in performance when dealing with dynamic changes in road environments. On the
other hand, while reinforcement learning-based methods have been applied for model optimization, these
studies mostly concentrate on enhancing individual performance indicators, with insufficient exploration
into comprehensively addressing multi-objective optimization problems. Furthermore, despite the signif-
icant role of service caching mechanisms in improving system efficiency, recent research that adequately
considers this aspect in model design remains relatively scarce. Therefore, we propose a dynamic adaptive
multi-objective reinforcement learning algorithm for joint computational offloading and service caching in
a cloud-edge collaborative IoV model. The algorithm uses an RBFN network to dynamically update target
weights while optimizing for delay, load balancing, energy consumption, and task privacy entropy. This
effectively solves the complex scheduling problem in cloud-edge collaboration, maximizing utilization of
resource-constrained vehicles and RSUs infrastructure through cloud-assisted delay optimization. Table 1
summarizes the research contents of related work.
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Table 1: Related work comparison

Research focus Representative works Key limitations
Based on evolutionary

algorithms
[14–20] High computational complexity and

limitations in dynamic scenario
applications

Based on reinforcement
learning

[21–25] Slight insufficiency in multi-objective
cooperative optimization

Multi-objective
cooperative optimization

[19,20,26–31] Restricted by static weight
mechanisms, making it difficult to
meet the diverse requirements of

offloading tasks
Cooperative research on

service caching and
offloading

[32–35] Failure to jointly optimize service
caching and computation offloading

strategies, with insufficient
consideration of resource constraints

3 System Model

3.1 Cloud-Edge Collaborative IoV Model
We study an IoV system consisting of vehicles, RSUs and the cloud. There are n vehicles traveling on the

road, the edge devices are m RSUs, and the cloud consists of a cloud server, Fig. 1 is the main architecture.

Figure 1: Cloud-edge collaborative IoV model

There are m RSUs located along the road, each covering an equal distance region. V = {V1, V2, . . ., Vn}
denotes the set of vehicles, where computational tasks can be either processed locally or offloaded to RSUs
for computation.
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The R = {R1, R2, . . ., Rm} represents the set of distributed RSUs. Divide the time interval into {t0, . . ., ti}
each of duration Δ t.update task offloading and service caching strategies in each interval. RSUs receive
offloaded tasks from vehicles within their coverage. Then, RSUs can offload tasks to the cloud server based
on the dynamic network environment. Cloud servers have sufficient computational resources to handle the
offloaded computational tasks. Table 2 summarizes the main notations.

Table 2: Notation and definitions

Notations Definitions
V The set of vehicles
J The set of tasks
R The set of RSUs
C Cache capacity
W Transmission channel bandwidth
ω0 Background noise
h Channel gain

Pn ,m Vehicle to RSU transmission power
δn Input data size for task n
τn Storage space required for task n
fv Vehicle local CPU computing frequency
fn Frequency of computation assigned to task n
β Energy consumed per CPU cycle
κ Calculation of energy efficiency parameters

O f fR Offloading ratio per task
T The total delay of the task
E Total energy consumption
K Task Privacy Entropy
L Load Balancing for RSUs

3.1.1 Task and Communication Model
We define the task corresponding to the vehicle as J = {J1, J2, . . ., Jn}, where Jn contains the information

< δn , τn >, which denotes the amount of data input to the computational task and the required storage
space, respectively. Since parts of the task can be offloaded to RSUs or the cloud for execution, we define
the offloaded variable as O f fR(n) ∈ [0, 1]. Vehicles can perform some tasks locally and offload others for
execution. Due to the mobile nature of vehicles in the road, setting the vehicle speed Spmin to Spmax [36],
the collaborative edge offloading among multiple RSUs can further improve the efficiency of task execution.

The RSUs in each region can cover all vehicles within their region, where the total bandwidth of the RSUs
in each region is W , with identical spectrum allocation and orthogonal channels assumed across distinct
RSUs. Let Pn ,m be the transmission power of the vehicle, hn ,m is the channel gain, which is an independent
and identically distributed (i.i.d) random variable [37]. Numm

J be the number of tasks received by Rm within
a given time. The vehicle-RSU signal-to-noise ratio is derived as:

sinrn ,m =
Pn ,m hn ,m

W
Numm

J
ω0

(1)
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where, ω0 is the channel background noise. The transfer rate at which task Jn offloads to Rm is:

ηn ,m =
W

Numm
J

log2 (1 + sinrn ,m) (2)

3.1.2 Caching Model
At time slot t, the vehicles within the range of the RSU update the task request, when the local or

offloaded computation is also completed. Meanwhile, the system completes caching decisions on RSUs. The
following is the constraint on the cache space:

n
∑
i=1

XV
Ji
(t)δi ≤ CV (3)

n
∑
i=1

XR
Ji
(t)δi ≤ CR (4)

where the binary variables XV
Ji
(t) ∈ {0, 1} and XR

Ji
(t) ∈ {0, 1} are used to denote whether or not the

computational task Jn is cached on the vehicle V or RSU, and XV
Ji
(t) = 1 and XR

Ji
(t) = 1 denote that it has

been cached. 0 means not cached. CV and CR denote the cache space of the vehicle and RSU, respectively.
As shown in Fig. 2, in this paper, the computing tasks of vehicles adopt a partial offloading strategy.

When the relevant programs of the computing tasks requested by vehicle Vn have been cached at the RSU,
the vehicle offloads the tasks to RSUs for execution through wireless transmission, and the offloading process
is related to the location of the vehicle. If there is no cache of this computing task on RSUs, the task will be
offloaded to the cloud for computation. Computing tasks choose different offloading strategies according to
different task caching strategies. Therefore, it is necessary to reasonably allocate cache space and computing
resources to maximize system revenue.

Figure 2: The computation offloading flowchart
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3.2 Computational Model
3.2.1 Local Computational Model

The vehicle can leave the (1 − O f fR(n))δn portion of the task Jn to be executed locally and the
O f fR(n)δn portion to be uploaded to RSUs for computation. Denoting fV as the computational frequency
of local vehicle execution and θ represents the computational intensity per data bit in CPU cycles. So the
time to perform the task Jn locally [38]:

Tl oc(n) =
(1 − O f fR(n))δn θ

fv
(5)

The computational consumption of locally executing tasks can be derived as follows, where β denotes
the single-cycle energy consumption per CPU:

El oc(n) = β(1 − O f fR(n))δn θ (6)

3.2.2 Offloading Execution Mode
When the vehicle Vn offloads the computational task to nearby RSUs it goes through the following

stages:

a) Decision stage: When vehicle Vn offloads a task to the nearest RSU, the system selects the offloading ratio
of the task based on the service cache and also determines the allocation of computational resources.

b) Transmission stage: When the vehicle offloads the task to the corresponding RSU, then the time required
to upload the task Jn is:

Tu p
o f f (n) =

O f fR(n) XR
Jn

δn

ηn ,m
(7)

c) Processing stage: The RSU processes the offloaded tasks based on the allocated computational resources,
where fn is the computational resource allocated by the RSU to task Jn . The time for the task offload
calculation is:

T ex e
o f f (n) =

O f fR(n) XR
Jn

δn θ
fn

(8)

d) Results return stage: When the RSU completes the computation of task Jn , it returns the results to the
corresponding vehicle. Since the computational results are significantly smaller than the input data size
of the task, the result return time can be neglected [39].

With the above four stages, the total delay To f f for task offloading to RSU execution is:

To f f (n) = Tu p
o f f (n) + T ex e

o f f (n) (9)

The energy consumption for executing the offloaded task is calculated as follows [40]:

Eex e
o f f (n) = κ( fn)α T ex e

o f f (n) (10)



Comput Mater Contin. 2026;86(1) 9

where κ and α are the computational energy efficiency parameter and power performance parameter,
respectively. pv is the power of the vehicle to send the task, then the total execution energy of the task Jn
is [41]:

Eo f f (n) = pv Tu p
o f f (n) + Eex e

o f f (n) (11)

When the vehicle and RSU have no cached tasks or insufficient computing resources, the RSU can
offload tasks to the cloud. Due to the abundant computational resources available in the cloud, the delay
of cloud computing can be negligible. Therefore, the computational delay of task Jn in the cloud can be
simplified as:

Tcl oud(n) = (1 − XV
Jn
)(1 − XR

Jn
)( δn

ηn ,m
+ δn

ηcl oud
) (12)

where ηcl oud represents the data transfer rate from RSUs to the cloud. The energy computation for RSUs
uploading data to the cloud server for further computation is formulated as:

Ecl oud
R (n) = (1 − XV

Jn
)(1 − XR

Jn
)pr

δn

ηcl oud
(13)

where pr is the power of the RSUs to send the task to the cloud.

3.2.3 Task Privacy
There is a possibility of data leakage when offloading some privacy-sensitive tasks on the vehicular

terminal. Therefore, we use privacy entropy as an indicator of security in the task data transfer process [42].
When the value of privacy entropy is higher, it indicates that the transmission process of the task is more
secure, and we set the task arrivals to conform to the Poisson distribution:

ξi =
λεi

εi !
e−λ , i = 1, 2, . . . , n (14)

where 0 ≤ ξi ≤ 1 and∑n
i=1 ξi = 1, we denote the equivalence of the tasks Jn and ξi as:

(Jn

ξn
) = ( J1 , J2, . . . , Jn

ξ1 , ξ2, . . . , ξn
) (15)

The privacy entropy of Jn is:

K(Jn) = −
n
∑
i=1

ξi log2 ξi (16)

3.2.4 Computing Load
In this paper, since the Cache and computing resources of RSUs are unchanged, the rise of workload in

some time periods will lead to a large fluctuation in the load balancing rate of RSUs, and the quality of service
(QoS) of users deteriorates consequently, and optimization of the load balancing can effectively improve the
resource utilization rate of RSUs [43]. We define the computational load of RSUs serving vehicle Vn at time
t as:

L(tn) =
∑n∈Nm O f fR(n) Nm XR

Jn
δn θ

fnT
(17)
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where Nm denotes the number of vehicles in the service range of Rm . In this system, the computational
resources of RSUs should be reasonably allocated to avoid the shortage of computational resources of some
RSUs, while maintaining the system operation stability of RSUs. Therefore, a lower L value can make the
computational resources of RSUs in the system relatively balanced, reduce the congestion of some RSUs due
to too many tasks, and keep the delay at a relatively low level.

3.3 Problem Formulation
Based on the above introduction of the local and offloaded computing models, the delay and energy

consumption of Jn are:

T(n) =max {(Tl oc(n) + To f f (n)), Tcl oud(n)} (18)
E(n) = El oc(n) + Eo f f (n) + Ecl oud

R (n) (19)

This study aims to minimize application delay, reduce energy consumption and the computational
load on Roadside Units (RSUs), while balancing user experience and maximizing privacy entropy. That
is, formulas (16)–(19). A conflicting relationship exists among these objectives: reducing delay inevitably
requires consuming more computational resources, leading to increased energy consumption on devices,
and maximizing privacy entropy introduces additional task transmission delay. To address this, this paper
establishes a multi-objective framework through the joint optimization of computation offloading and
service caching:

min{T , E , L and −K}, (20)

s,t:

0 ≤ O f fR(n) ≤ 1, C1
XV

Jn
∈ {0, 1}, C2

XR
Jn
∈ {0, 1}, C3

fn ∈ (0, fmax], O f fR(n) ≠ 0, C4
Numm

J

∑
i=1

XR
Ji

τi ≤ CR , C5

N
∑
n=1

τi ≤ DΔ, C6

n ∈ N , C7 (21)

where constraint C1 specifies the range of offloading variables. Constraints C2 and C3 specify the caching
decision variables. Constraint C4 specifies the computational resources allocated to tasks offloaded to RSUs.
Constraint C5 specifies that the total number of tasks cached on each RSUs cannot exceed the storage ceiling
capacity. Constraint C6 ensures the total storage space occupied by cached services does not exceed the
maximum cache capacity DΔ. Constraint C7 specifies a range for the number of vehicles.

3.4 Extreme Value Analysis for T and E
The maximum and minimum values of T and E are first evaluated for different cases.
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1) Case1:

Tcase1(n) =
δnθ

fv
(22)

2) Case2:

Tcase2(n) =max{1 − O f fR(n)
δn θ

fv
, O f fR(n)(

δn

ηn ,m
+ δnθ

fn
)} (23)

3) Case3:

Tcase3(n) =
δn

ηn ,m
+ δnθ

fn
(24)

4) Case4:

Tcase4(n) =
δn

ηn ,m
+ δn

ηcl oud
(25)

It can be concluded from the above:

max {T(n)} =max {Tcase1(n), Tcase4(n)} (26)
min{T(n)} =min{Tcase2(n), Tcase3(n)} (27)

Since Case2 has the nature of a segmented function, we can derive its minimum delay:

min{Tcase2(n)} =
δn( fn + ηn ,m)

fv fn + ηn ,m( fv + fn)
(28)

where O f fR(n) = 1/(1 + fv( 1
ηn ,m
+ 1

fn
)). Thus the minimum value of T(n) can be expressed as:

min{T(n)} =min{Tcase2(n)} (29)

From the above it can be obtained that the delay of the task is related to the communication,
computation, and caching capabilities of the device. Therefore, in order to minimize the delay, one should
try to avoid choosing the decision that will lead to the highest delay.

Similarly, the maximum and minimum values of E(n) need to be evaluated under different caching
scenarios.

1) Case1:

Ecase1(n) = βδn θ (30)

2) Case2:

Ecase2(n) =β(1 − O f fR(n))δn θ + pv
O f fR(n)XR

Jn

ηn ,m
+ κ( fn)α O f fR(n)XR

Jn
β

fn
(31)

3) Case3:

Ecase3(n) = pv
δn

ηn ,m
+ κ( fn)α δn β

fn
(32)
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4) Case4:

Ecase4(n) = pv
δn

ηn ,m
+ pr

δn

ηcl oud
(33)

Based on the above, we can conclude:

max {E(n)} = Ecase3(n) (34)
min{E(n)} = Ecase4(n) (35)

By performing an extreme value analysis on T and E, it is clear that in order to minimize the processing
delay of the on-board tasks, the decision scheme of Case2 and Case3 should be chosen as much as possible,
i.e., the tasks should be processed as much as possible in collaboration with the RSUs.

4 Service Caching and Offloading Algorithms Based on Multi-Objective Reinforcement Learning
In this paper, Simultaneous optimization of multiple factors task delay, load balancing rate, and privacy

entropy is required. Regarding multi-objective optimization (MOO), evolutionary algorithms remain the
predominant approach in existing studies. However, their slow convergence speed impedes applicability in
real-time dynamic vehicular offloading scenarios. DRL emerges as an effective methodology for dynamic
environment optimization, maximizing expected cumulative rewards to achieve objectives. It aggregates
demand-resource information within vehicular networks, subsequently executing actions to optimize joint
offloading policies alongside resource distribution.

We formulate the problem as a Markov Decision Process (MDP) and propose an multi-objective
Reinforcement Learning algorithm combining RBFN network with Chebyshev method. By dynamically
adjusting the weights of objectives including task delay, device energy consumption, device computation
load, and privacy entropy, find the optimal caching and offloading strategy.

4.1 Markov Decision Process
An MDP in the usual case is defined as a quintuple < S , A, P, R, γ >, where corresponding sequentially

to the state space, action space, transition probability, reward function, and discount factor, respectively. The
MDP formulation for our problem is defined as follows:
• State Space: We denote the state at a t time as s(t) = {Φ(t), C(t), XR(t), XV(t), h(t)}, where Φ(t)

denotes the currently available computational resources, C(t) denotes the current remaining storage
space, XR(t) and XV(t) represent the cache variables of the vehicle and RSU at time t, respectively, and
h(t) is the changing channel state.

• Action Space: The agent makes a decision strategy based on s(t), which is to choose the action a(t).
a(t) = {XR(t), Vid , O f f (t), f (t)}, where XR(t) stands for the cache variable of RSUs after completing
the task offloading and computation in t time, Vid is the identification of the vehicle, O f f (t) is the
percentage of the vehicle’s v offloading the task to the edge server in t time, and f (t) denotes the
computing resources allocated to the task. proportion, and f (t) denotes the computational resources
allocated to the task.

• Reward: The reward at time t is set to r(t).
• Transition probability: The probability of the environment moving from s(t) to s(t + 1) at the next time

t is denoted as P{s(t + 1)∣s(t)∣s(t), a(t)}.
We complete the optimization problem by learning the policy π to maximize the expected cumulative

return Υπ :
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Υπ =max
π

Eπ {∑
t

γ(t)r[s(t), a(t), s(t + 1)]} (36)

where γ(t) is the discount factor, Eπ is the desired strategy π, and r[s(t), a(t), s(t + 1)] is the reward. The
strategy that maximizes the gain to the system is obtained by searching the strategy space, representing The
reward value Q for the state-action is [44]:

Q∗ = r(s, a) + γ∑
s′

P(s′∣s, a)max
a′

Q∗(s′, a′) (37)

4.2 Multi-Objective DRL
Compared to standard single-objective reinforcement learning, multi-objective reinforcement learn-

ing [45] can obtain multiple reward values as feedback from the environment when an agent takes an
action. In this paper, the task delay, device energy consumption, privacy entropy and computing load rate of
vehicular tasks are all reward values. Therefore, the feedback reward is a vector corresponding to multiple
objectives, rather than a scalar value:
→

r = {r1 , r2, r3, r4} = {T , E , L,−K} (38)

Since there are conflicting relationships among the multiple objectives to be optimized in this paper,
the algorithm needs to find the strategy that maximizes the gain of the system among these conflicting
relationships. We use a nonlinear scalarization method to solve this multi-objective optimization problem.

4.2.1 Multi-Objective DRL Based on Chebyshev’s Scalarization Method
Considering the issue that linear weighting method cannot approximate all Pareto frontiers, we adopt

the Chebyshev scalarization method, taking the ideal point z∗ as the reference point and using Lp norm as the
distance metric. We assign a coefficient wi to each objective function and measure the value of each objective
function oi to obtain the performance of each objective function in the multi-objective optimization process.

min Lp(x) = (
m
∑

i
wi ∣oi(x) − z∗i ∣p)

1
p

(39)

The Chebyshev scalarization is represented as:

min L∞(x) = max
i=1, . . . ,m

wi ∣oi(x) − z∗i ∣ (40)

where 1 ≤ p < ∞, wi ≥ 0, and limp→∞. The value of Q for Chebyshev scaling is then obtained as:

Qcs(s, a) = max
i=1, . . . ,m

wi ∣Q(s, a) − z∗i ∣ (41)

Intelligent bodies make the value of the action constantly close to the optimum, and eventually the
system is able to obtain the optimal computational offloading gain.

4.2.2 Multi-Objective DDQN Computational Offloading Algorithm
In multi-objective double deep Q-network (DDQN) reinforcement learning computational offloading

algorithm, where RBFN network is used to learn multiple different objective values to better adapt to
weight changes, while also better addressing the Q-value overestimation issue in DQN. As shown in Fig. 3.
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Each DDQN is denoted by DDQNT, DDQNE, DDQNL, and DDQNK, and its intelligences are rewarded
based on different optimization objectives. In this paper, we set the reward function based on delay, energy
consumption, computational load, and privacy entropy factor sub-objectives separately to obtain a better
multi-objective solution. We correspond to the value of each objective by defining a dynamic weight wi ∈
[0, 1], so the Q value of the dynamic weight is:

Qw =
M
∑
i=1

wi scal e(
→

Q∗) (42)

Figure 3: MODDQN-ECO algorithmic frameworkm
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We denote σi as additional preference weights that can be set according to different preferences, e.g.,
the preference value of privacy entropy can be appropriately increased when performing certain types of
data-sensitive tasks. The Q∗w of preference setting combined with dynamic weights is denoted as:

Q∗w =
M
∑
i=1

σiwi scal e(
→

Q∗) (43)

With Q∗w , the agent will select strategies with higher reward values in order to satisfy the multi-
objective optimization.

4.2.3 RBF Neural Network Update
The RBFN network [46], consisting of an input layer, a hidden layer, and an output layer as shown

in Fig. 3, is a feedforward neural network. It has a large number of hidden neurons and can accurately
approximate continuous functions. The Gaussian function of the RBFN network is defined:

G(∣∣x − c∣∣, χ) = ex p(−∣∣x − c∣∣2
2χ2 ) (44)

where x = [x1 , x2, . . . , xd] denotes the d-dimensional input vector, and the value of the real-valued RBF
function depends on the distance to any point c, As the difference between x and c increases, the function
value decreases accordingly [47]. Here, ρi denotes the weight from the i-th hidden node to the output node,
and the parameter vector of the RBF Gi is represented by Si . The output of the network’s hidden unit is then
given by:

g(x) =
MR

∑
i=1

ρiGi(x; Si) (45)

MR denotes the number of hidden layer nodes. To find the optimal strategy, the RBFN influences the
decision-making process through a dual-stage mechanism: first, in the weight generation layer, the network
output g(x) is normalized to generate weights wi ; subsequently, in the preference fusion layer, these weights
wi are combined with additional preference weight parameters σi to form the final preference weights Q∗w .
This dual-stage mechanism enables the system to adapt to user-defined requirements. During the decision
optimization process, the MODDQN-ECO algorithm learns from sampled data updates and employs the
Chebyshev scalarization method to adjust the Q-values of action a across different objective functions.
Subsequently, the RBFN network dynamically updates the target weights.

4.2.4 Learning Process
Each DDQN corresponds to a Q function for the optimization objective, in which Qtar ge t

j = ri +
γQ−(argmaxa′Q(a′, si+1), si+1) is used instead of Qtar ge t

j = ri + γQ−(maxa′Q(a′, si+1) to update the Q
value, which is used to solve the overfitting of Q value in DQN. Two value functions in the algorithm, one
for action selection and one for evaluating the value of the current state, are parameterized as w and w′. The
loss function for each DDQN for iterative optimization is as follows:

loss(w) = 1
Nums

Nums

∑
j=1
(Qtar ge t

j − Q(s j; a j; w j))2 (46)
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where Nums is the number of randomly selected samples from the replay buffer. An overview of the
MODDQN-ECO algorithm is described in Algorithm 1 by gradually minimizing the loss function value
loss(w) to bring it close to the target value.

Algorithm 1: Multi-objective DDQN-based edge caching and offloading algorithm
Input: Number of iterations epmax, state space S, action space A, current network Q, target network Q′,
number of gradient descent samples Nums, preference weights σi , reference point z∗.
Output: Optimal Network Parameters
1: Initialization: Reset replay buffer and weight history
2: for episode → 1 to epmax do
3: while t ≤ T do
4: agent randomly selects the initial action a(t) from the action space with probability ϕ.
5: Otherwise, a(t) is selected according to maxa Q∗(s(t), a; wt)
6: if a(t) satisfies the constraints C1 − C6 then
7: Chebyshev scalarization method for scaling Q-values;
8: Observe the scaled reward r(t) and preprocess the next state s(t + 1);
9: Store (s(t), a(t), r(t), s(t + 1)) in replay buffer
10: Store transition (s, a(t), r(t), s′) into the replay buffer, s(t) ← s(t + 1)
11: Randomly sample (s j , a j , r j , s j+1) in the replay buffer and compute the target Q values Qtar ge t

j
12: if s′ = sterminal then
13: Qtar ge t

j = r j
14: else
15: Qtar ge t

j = r j + γQ′(s(t + 1)arg maxa′ Q(s j+1 , a; w′t))
16: end if
17: Perform gradient descent on 1

Nums
∑Nums

j=1 (Q
tar ge t
j − Q(s j , a j , wt))2.

18: if t%ζ = 1 then
19: Update target network parameters w′ = w
20: end if
21: if s(t + 1) is in terminated state then
22: Current iteration is complete, otherwise proceed to step 4
23: end if
24: end if
25: end while
26: end for

5 Performance Evaluation

5.1 Experimental Settings
In this section, we experimentally evaluate the performance of the proposed MODDQN-ECO algorithm

in the IoV model. Previous studies [48,49] provide empirical references for parameter settings, with detailed
experimental parameters summarized in Table 3. We implement the IoV simulation environment using
TensorFlow 1.15.0 and Python 3.7. The simulation establishes a 1000-meter-long two-lane road with five
roadside servers deployed, each covering a 200-meter range to divide the road into five segments. Task
sizes are set within [20, 25] Mb and vehicle CPU frequencies are configured at 1.5 ∗ 109 Hz. The time slot
duration in the simulation is carefully designed to ensure both task offloading completion and sufficient
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decision-making time for the agent regarding service caching and offloading strategies. We compare the
MODDQN-ECO algorithm with the following algorithms:

Table 3: Simulation parameters

Parameter description Value
The set of vehicles (V ) [10, 40]
Vehicle CPU cycle ( fV ) 1.5 ∗ 109 cycles/s

Edge server CPU cycles ( fmax ) 3 ∗ 1010 cycles/s
Computation intensity (θ) 50 cycle/bit

Edge server bandwidth (W) 20 MHz
Storage space required each task (ιn) 50 Mb

Edge server storage capacity 100 Mb
Number of task types 5

Energy consumption of each CPU cycle (β) 4 J/G cycles
The computing energy efficiency parameters (κ) 1 ∗ 10−28

Exponent parameter (α) 3
The transmitted power of Vehicle Pn ,m 1 W

Transmission rate between edge servers (ηRSU ) 40 Mbps
Transmission rate from edge to the cloud (ηcl oud ) 10 Mbps

Transmission power from edge servers to the cloud (pr) 2 W
Channel background noise (ω0) −173 dBm

Discount factor (γ) 0.99
Frequency of target network updates (ζ) 200

Batch size (Nums) 64
Replay buffer 5000

Multi-objective DQN Computational Offloading Algorithm (DQN) [50]: multi-objective DQN com-
putational offloading algorithm using linear scalarization method is very reliable to solve computational
offloading problems in dynamically changing environments using DQN. Its approximates the value function
through a convolutional neural network. agent obtains the corresponding Q-value based on the state of the
IoV environment and selects an action using a greedy strategy, then updates the network parameters of
the value function based on the feedback reward value and the new state. The intelligents use an empirical
playback method [51] to improve data efficiency and enhance training stability.

Improved Non-dominated Sorting Genetic Algorithm (INSGA-II) [52]: An improved NSGA-II algo-
rithm is employed to solve the model in this paper. The algorithm retains the fast non-dominated sorting
mechanism. In the genetic operations, it adopts Simulated Binary Crossover (SBX) and Simulated Binary
Mutation (SBM) to generate offspring with good diversity. This enhancement effectively improves the
convergence speed of the algorithm, the uniformity of solution distribution, and the robustness in handling
complex multi-objective optimization problems, making it well-suited for the conflicting optimization
objectives addressed in this work.

Cloud Computing (CO): all on-board tasks are offloaded to the cloud to perform computation.
Random offload policy (RO): service caching and computation offload policies are randomly generated

for each time period.
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Fig. 4 shows the reward curve of MODDQN-ECO algorithm, and the result verifies that MODDQN-
ECO algorithm can converge quickly while satisfying multiple objective balances, and then get the optimal
offloading gain value. And it requires fewer iterations than some classical evolutionary algorithms, which
can better cope with the time-varying road environment.

Figure 4: This is a figure example. Please remove all non-English terms or add a definition for them

5.1.1 Influence of Vehicle Number on IoV System
Fig. 5 experimentally evaluates algorithmic performance under varying vehicular density. In Fig. 5a,b,

when the total number of vehicles on the road is relatively low, the performance gap between the MODDQN-
ECO algorithm and DQN is not significant, and both tend to maintain balance across multiple objectives.
However, they outperform the evolutionary algorithm INSGA-II in most scenarios, which is attributed to the
faster convergence characteristics of reinforcement learning algorithms under the same number of iterations.
MODDQN-ECO dynamically adjusts the weighting of each objective through the RBF network, enabling it
to achieve a more balanced advantage in delay performance. This mechanism allows the algorithm to rapidly
adapt to the environment and derive superior offloading decisions. As the number of vehicles increases,
the task volume rises accordingly, leading to reduced per-vehicle bandwidth allocation and decreased task
transmission rate, which consequently increases the task offloading delay. When the number of vehicles
further increases, the delay advantage of task execution by RSUs weakens. At this point, the algorithm
employs two key strategies to cope with the pressure: (1) Offloading some tasks to the cloud server to alleviate
the computational resource pressure on the RSUs; (2) Some tasks are forced to execute locally. Although
these strategies result in an increase in total task execution delay and device energy consumption, the rate of
increase for MODDQN-ECO is significantly lower than that of the comparative algorithms. In high-density
scenarios, by sensing the intensity of resource competition in the environment, the algorithm automatically
adjusts the weight distribution among the various objectives, maintaining its performance advantage in terms
of both delay and energy consumption. Compared to INSGA-II and DQN in terms of delay performance,
MODDQN-ECO achieves average improvements of 10.64% and 8.71%, respectively. In terms of energy
consumption, it shows improvements of 5.05% and 3.87% over the two algorithms, respectively.
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Figure 5: Performance of MODDQN-ECO algorithm with different number of vehicles

Fig. 5c demonstrates the performance of RSU load-balancing. MODDQN-ECO, under different vehicle
densities, can dynamically adjust the weighting for load balancing to steer tasks toward underutilized
nodes, exhibiting superior load-balancing capability. Compared to INSGA-II and DQN, it achieves average
improvements of 11.07% and 3.11%, respectively. The MODDQN-ECO algorithm proposed in this paper
significantly outperforms NSGA3 and DQN on key performance metrics such as delay and energy consump-
tion. Furthermore, this advantage expands with an increasing number of vehicles, validating the effectiveness
of its dynamic weighting mechanism in high-density IoV scenarios. Table 4 shows the core data of Fig. 5.
The MODDQN-ECO algorithm proposed in this paper significantly outperforms the INSGA-II and DQN
algorithms in key performance metrics, and this advantage becomes larger with the number of vehicles.

Table 4: Comparison of the proposed algorithm MODDQN-ECO with INSGA-II and the DQN algorithm across
varying numbers of vehicles as the variable

Algorithms INSGA-II DQN MODDQN-ECO Vehicles
Time 7.7235958 8.3143065 7.2632851 10

Energy consumption 0.2619119 0.2480470 0.2262327
Load balancing 0.1690597 0.1521047 0.1583245

Time 24.810214 25.528019 23.286735 20
Energy consumption 0.3563106 0.3312175 0.3190291

Load balancing 0.1301562 0.1080195 0.0942891
Time 49.427315 43.594052 39.537031 30

Energy consumption 0.4096829 0.4331594 0.4187370
Load balancing 0.0825419 0.0720663 0.0770381

Time 62.818429 60.912037 56.216951 40
Energy consumption 0.4496572 0.4452631 0.4381160

Load balancing 0.0407282 0.0432049 0.0386172

5.1.2 Performance of Task Privacy Entropy
Fig. 6 verifies the MODDQN-ECO algorithm’s performance in terms of privacy entropy. When the

vehicle number reaches 40, offloaded tasks are split into more parts, increasing transmission time and delay.
Despite this, the algorithm maintains low delay and high privacy entropy in the mid and late iterations.
This shows that the MODDQN-ECO with the Chebyshev scalar approach can dynamically approximate
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optimal decisions in multi-objective optimization. In contrast, DQN and INSGA-II with fixed weights fail
to effectively approach the Pareto front, resulting in lower privacy entropy.

Figure 6: Task privacy entropy performance for different number of iterations

5.1.3 Performance under Different Task Sizes
In Figs. 7 and 8, we conduct an in-depth investigation into the impact of task size on delay and energy

consumption. Fig. 7 illustrates the trend of task delay vs. task size, revealing a linear increase attributable
to the proportional relationship between delay and input data volume. As task scales expand, the surge in
data transmission and computational demands elevates overall system delay. To mitigate this, the system
dynamically increases cloud offloading ratios, alleviating computational pressures on RSUs and vehicles
while reallocating freed resources to accelerate processing of tasks already offloaded to RSUs—thereby
achieving synergistic optimization and reducing delay impacts.

Figure 7: The performance of delay under different task sizes
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Figure 8: The performance of energy consumption under different task sizes

Fig. 8 further demonstrates a strong correlation between energy consumption and task scale. Larger
tasks substantially increase data transmission and computational energy costs. Under these conditions, both
DQN and MODDQN-ECO algorithms effectively orchestrate three-tier computing resources (local vehicles,
RSUs, and cloud) to collaboratively fulfill offloading requests, yielding significant energy consumption
advantages. Moreover, MODDQN-ECO’s core capability of dynamically adjusting multi-objective weights
through its RBFN network enables sustained optimal balance between delay and energy consumption during
task scaling variations. This approach significantly outperforms static-policy algorithms in maximizing
offloading gains. The comprehensive improvement in delay and energy consumption achieves enhancements
of 10.26% and 4.33% compared to INSGA-II and DQN, respectively.

5.1.4 Delay Performance at Different Cycle Frequencies
Fig. 9 illustrates the impact of RSU computational frequency on total task delay, with the number of

vehicles fixed at 40. It is evident from the figure that higher RSU computational frequencies significantly
reduce system delay. This is because RSUs can rapidly process a larger number of offloaded tasks, effectively
shortening the task response cycle. Consequently, the algorithm preferentially offloads more tasks to edge
servers for computation. In this optimized scenario, all three intelligent algorithms demonstrate improved
delay performance. However, unlike other static strategy algorithms, MODDQN-ECO distinguishes itself
through its dynamic objective weight adjustment capability, enabling greater adaptability to such conditions
by re-prioritizing task offloading. This mechanism maximizes the utilization of RSU computing resources
while optimizing task distribution ratios, thereby fulfilling the low-delay requirements of complex tasks.

5.1.5 Delay Performance at Different Speed Range
Fig. 10 illustrates the impact of vehicles traveling at various speed ranges on latency. In this section, the

number of vehicles is set to 40, and the latency performance is compared for tasks where vehicle speeds fall
within the ranges of [40–60] km/h, [60–80] km/h, and comprehensively [40–80] km/h. Observably from the
graph, vehicles operating at lower speed ranges generally experience less delay. As vehicle speeds increase,
some tasks may be offloaded or completed while the vehicle has already moved into another server’s coverage
area, thereby increasing inter-server communication time. All three intelligent algorithms exhibit minimal
performance variation, attributed to the high efficiency of communication between servers. Compared to the
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classical evolutionary algorithm INSGA-II and the reinforcement learning algorithm DQN, the MODDQN-
ECO algorithm demonstrates greater stability and more effectively minimizes latency associated with service
caching and computational offloading in dynamic vehicular scenarios.

Figure 9: Total delay performance at different cycle frequencies of RSUs

Figure 10: Delay performance at different speed range

6 Conclusion and Future Work
Aiming at the real-time varying vehicular network scenarios, this paper designs a novel computational

offloading model and derives critical threshold values for task delay and energy consumption under different
network conditions. By integrating delay, device energy consumption, RSU computing load, and task privacy
entropy into a multi-objective optimization framework, the MODDQN-ECO algorithm with dynamic
RBFN-based weighting achieves significant improvements: compared to INSGA-II and DQN, the average
delay is reduced by 10.64% and 8.71%, while energy consumption decreases by 5.1% and 3.9%, respectively.
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MODDQN-ECO effectively coordinates caching resources and RSU computing capabilities, maintaining
robust performance during dynamic fluctuations in RSU frequency, thereby validating its efficiency.

Our approach still has certain limitations in terms of model architecture. For instance, it relies on the
V2I communication paradigm for task transmission and does not fully utilize the task delivery capabilities
of V2V communication, especially in forming service gaps within RSU coverage blind spots; the dynamic
weighting mechanism may lead to policy instability in cases of extreme objective conflicts. In future research,
we will explore homomorphic encryption-supported secure V2V task sharing protocols to enable safe reuse
of cached tasks among vehicles; develop hierarchical scheduling mechanisms for concurrent computation-
intensive tasks targeting vehicle clusters; and investigate federated learning approaches to enhance privacy
protection capabilities in distributed edge environments.
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