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ABSTRACT: In the field of edge computing, achieving low-latency computational task offloading with limited
resources is a critical research challenge, particularly in resource-constrained and latency-sensitive vehicular network
environments where rapid response is mandatory for safety-critical applications. In scenarios where edge servers are
sparsely deployed, the lack of coordination and information sharing often leads to load imbalance, thereby increasing
system latency. Furthermore, in regions without edge server coverage, tasks must be processed locally, which further
exacerbates latency issues. To address these challenges, we propose a novel and efficient Deep Reinforcement Learning
(DRL)-based approach aimed at minimizing average task latency. The proposed method incorporates three offloading
strategies: local computation, direct offloading to the edge server in local region, and device-to-device (D2D)-assisted
offloading to edge servers in other regions. We formulate the task offloading process as a complex latency minimization
optimization problem. To solve it, we propose an advanced algorithm based on the Dueling Double Deep Q-Network
(D3QN) architecture and incorporating the Prioritized Experience Replay (PER) mechanism. Experimental results
demonstrate that, compared with existing offloading algorithms, the proposed method significantly reduces average
task latency, enhances user experience, and offers an effective strategy for latency optimization in future edge computing
systems under dynamic workloads.

KEYWORDS: Edge computing; computational task offloading; deep reinforcement learning; D3QN; device-to-device
communication; system latency optimization

1 Introduction
Over the past few decades, with the rapid development of advanced communication technologies such

as 5G, there has been a clear trend toward intelligent development of vehicular equipment, accompanied by
a continuous increase in the number of connected vehicular network devices, generating massive amounts
of data. This exponential growth in data volume has imposed higher demands on the processing capabilities
of Internet of Vehicles (IoV) devices. As cloud computing can provide centralized computing power and
storage capabilities through remote servers, Mobile Cloud Computing (MCC) can partially compensate
for the computational limitations of terminal devices [1]. However, latency issues persist in transmitting
to these distant servers. In 2014, the European Telecommunications Standards Institute (ETSI) introduced
Mobile Edge Computing (MEC) technology, which deploys data processing tasks closer to the data source,
significantly reducing network latency and optimizing bandwidth usage [2], thereby greatly enhancing
service efficiency and user experience [3].

Although edge computing provides optimized computational resources for vehicular terminals, the
diversity and wide geographic distribution of edge environments present significant challenges for efficient
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resource allocation. In particular, in regions with sparse edge server deployment, the lack of a unified
coordination framework leads to inefficient resource utilization and load imbalance. Especially in areas
completely devoid of edge coverage, tasks are forced to be processed locally, further exacerbating latency
issues. Additionally, the dynamic nature of network conditions and the diversity of task types significantly
increase the complexity of the offloading process. These heterogeneity and dynamic features necessitate
that offloading strategies possess both cross-regional coordination capabilities and dynamic adaptability
to ensure low-latency and high-efficiency operational requirements, which is particularly critical for the
real-time response of safety-critical applications.

Given the challenges mentioned above, traditional distributed algorithms may struggle to achieve
optimization, especially in dynamically changing network environments. However, Deep Reinforcement
Learning (DRL) [4] can provide a powerful solution by learning optimal behavior strategies to dynamically
adjust computation offloading decisions.

Building on this technical advantage, this study deeply integrates the DRL framework with cross-region
offloading scenarios, proposing a DRL-based Cross-Region Task Offloading Method aimed at reducing the
average task offloading latency of the system in dynamic environments. The proposed method integrates
three offloading strategies: local computation, direct offloading to the edge server in local region, and Device-
to-Device (D2D) [5] assisted offloading to edge servers in other regions. We formulate the task offloading
problem as an optimization problem aiming to minimize the average task offloading latency of the system.
To address this problem, we design an algorithm based on the Dueling Double Deep Q-Network (D3QN)
architecture and incorporating the Prioritized Experience Replay (PER) mechanism (P-D3QN). Leveraging
the technical advantages of DRL, we can dynamically select optimal offloading strategies based on real-time
network conditions and task characteristics, thereby effectively reducing the average task processing latency
of the system.

The main contributions of this paper are summarized as follows:

1. For the vehicular network system model, we design a task offloading strategy that aims to minimize
the average task latency across the system. The task offloading process is formulated as an optimization
problem, considering three offloading approaches: local computation, direct offloading to the edge
server in local region, and D2D assisted offloading to edge servers in other regions, with the objective
of reducing overall offloading latency.

2. We transform the proposed optimization problem into an offloading decision-making problem under
dynamic environments. By modeling the offloading process as a Markov Decision Process (MDP) and
defining a latency-aware reward function, we aim to minimize offloading latency.

3. The proposed algorithm based on P-D3QN effectively solves this optimization problem. The algorithm
enables efficient and rapid determination of optimal offloading strategies according to different tasks,
thereby significantly enhancing overall system performance.

4. Extensive simulations are conducted to evaluate the convergence behavior of the proposed algorithm.
Moreover, we assess the proposed method in terms of average task latency and compare it with existing
baseline approaches. The results demonstrate the superiority of the proposed approach in reducing
system latency.

The rest of this paper is organized as follows. The related work is introduced in Section 2. System
modeling and problem formulation are presented in Section 3. In Section 4, we transform the optimization
problem into an MDP model and propose an algorithm based on P-D3QN. The simulation results are
discussed in Section 5. The Section 6 concludes the paper.
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2 Related Work
In the field of edge computing offloading, existing research has primarily focused on optimizing task

scheduling and resource allocation to reduce processing latency and improve resource utilization. However,
with the expansion of network scale and the increasing complexity of tasks, edge computing environments
have become highly dynamic and heterogeneous. The uncertainty in the distribution of terminal devices, task
types, computational demands, and network conditions renders traditional offloading strategies insufficient
to adapt to such complex and evolving scenarios. Therefore, designing an efficient and flexible task offloading
algorithm that can operate effectively in dynamic and heterogeneous edge environments has become a critical
and challenging research problem.

To optimize the performance of edge computing offloading, researchers have proposed a variety of
approaches from different perspectives.

In some studies, game theory and optimization theory have been widely applied to address the task
offloading problem. For instance, the authors in [6] adopted a resource competition game perspective,
focusing on the utilization of idle devices and user self-interested behavior in dynamic environments.
By employing potential game theory, they proved the existence of a Nash equilibrium and designed a
lightweight algorithm to assist users in determining optimal offloading strategies. Similarly, the interaction
between cloud service providers and edge server owners was modeled as a Stackelberg game in [7]. By
determining optimal payment schemes and computation offloading strategies, the model aimed to maximize
individual utility while mitigating base station overload. The authors in [8] proposed a non-destructive task
reconstruction algorithm and solved it using convex optimization theory to maximize offloading benefits.

Other studies have explored heuristic-based approaches. For example, the authors in [9] proposed an
event-triggered dynamic task allocation algorithm that integrates linear programming and binary particle
swarm optimization. This method effectively balances multiple constraints—such as service delay, quality
degradation, and edge server capacity—and enhances overall system performance. In a similar vein,
the authors in [10,11] employed genetic algorithms and greedy algorithms, respectively, to optimize task
offloading decisions. The authors in [12] transformed the computation offloading problem into an integer
linear programming problem to optimize offloading overhead.

Existing methods often exhibit limited real-time responsiveness and adaptability in highly dynamic edge
computing environments. For example, approaches based on game theory and optimization frameworks
typically rely on strong assumptions, making them less effective in coping with rapid changes in network
conditions, device workloads, and task demands. This can lead to increased latency in offloading decisions.
Furthermore, most existing studies primarily focus on task offloading within localized regions, without
fully addressing the challenges posed by cross-regional scenarios—such as insufficient edge server coverage
and increased communication distance—which introduce additional latency and further complicate the
offloading process.

In recent years, DRL has emerged as a prominent research focus in the field of computation offloading
due to its strong adaptability and generalization capabilities in dynamic environments. By continuously
interacting with the environment and learning from historical data, DRL can dynamically adjust offloading
strategies, demonstrating enhanced flexibility and responsiveness in complex and rapidly changing edge
computing scenarios. For instance, the authors in [13] modeled the computation offloading problem as
a partially observable Markov decision process (POMDP), and incorporated game-theoretic concepts
and Nash equilibrium to design an efficient decision-making mechanism based on policy gradient DRL
methods. Similarly, the computation offloading process in heterogeneous edge computing environments
was formulated as a long-term performance optimization problem with multiple objectives and constraints,
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which was solved using the Asynchronous Advantage Actor-Critic (A3C) algorithm for policy search [14].
However, existing DRL-based approaches still have limitations, as they rarely consider scenarios with sparsely
distributed or insufficiently covered edge servers.

Meanwhile, D2D communication technology, as an innovative communication paradigm, offers new
opportunities for computation offloading in edge computing environments. A system framework inte-
grating D2D communication with MEC was proposed, wherein resource-constrained devices can offload
their computation-intensive tasks to one or more idle neighboring devices, thereby improving resource
utilization and reducing task execution latency [15]. Similarly, the authors in [16] introduced a D2D-
based service sharing approach that enables users with insufficient local processing capabilities to acquire
service applications from nearby qualified peers, allowing for partial local task execution. Furthermore,
the study in [17,18] also employed D2D communication for task distribution, further demonstrating the
potential of D2D in edge computing offloading scenarios. However, most existing studies focus on task
collaboration among locally adjacent devices, without fully exploring the potential of cross-regional D2D
communication. This limitation leads to low resource utilization in areas with insufficient edge server
coverage. Moreover, the inherent dynamics of D2D networks and the instability of peer-to-peer connections
pose additional challenges, making traditional offloading strategies less effective in such complex network
environments. These challenges highlight the urgent need for an innovative offloading solution that combines
the advantages of D2D communication with intelligent decision-making techniques to enable more efficient
and flexible cross-region computation offloading. A comparative analysis of major computation offloading
schemes is presented in Table 1.

Table 1: Comparison of edge computing offloading strategies

Literature Main idea Advantages Limitations
[6–8] Models resource allocation and

task offloading using game
equilibrium or convex

optimization.

Rigorous mathematical
theory and stable

equilibrium solution.

Relies on strong
assumptions; poor

real-time performance
in dynamic

environments.
[9–11] Employs heuristic methods (e.g.,

linear programming, particle
swarm optimization, genetic

algorithms) to optimize offloading
decisions under multiple

constraints.

High computational
efficiency.

Prone to local optima;
poor dynamic
adaptability.

[12] Formulates the offloading problem
as an integer linear programming

model.

Clear solution structure. High computational
complexity; struggles

with large-scale
dynamic networks.

[13,14] Dynamically adjusts offloading
strategies through environmental

interaction.

Adapts to dynamic
environments and

supports long-term
optimization.

Neglects scenarios
with insufficient edge

server coverage.

(Continued)
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Table 1 (continued)

Literature Main idea Advantages Limitations
[15–18] Leverages idle resources from

nearby devices to assist task
offloading, improving resource

utilization and reducing latency.

Expands edge coverage;
reduces reliance on base

stations.

Existing research is
limited to local
collaboration.

To address these challenges, this study proposes a DRL-based cross-region computation offloading algo-
rithm that incorporates D2D communication to mitigate the problem of insufficient edge server coverage. In
the proposed algorithm, DRL continuously interacts with the environment to collect real-time information
on network conditions, device load, and task requirements, enabling dynamic adjustment of offloading
decisions. Meanwhile, the integration of D2D communication allows terminal vehicles to collaborate with
neighboring devices and offload computational tasks to edge servers located in other regions, thereby
enhancing the utilization of available resources. By leveraging this innovative strategy, the proposed algo-
rithm not only addresses the challenge of limited edge server coverage in certain areas but also significantly
reduces overall system latency, achieving intelligent and efficient cross-region computation offloading.

3 System Model and Problem Formulation
To investigate the task offloading latency minimization problem in vehicular networks, this paper

constructs a computational offloading system model for IoV, as illustrated in Fig. 1: the edge layer and the
terminal layer. The edge layer consists of a central server and M edge servers. All edge servers are equipped
with equivalent computational capacities and wireless communication capabilities, enabling them to provide
effective computational offloading services to vehicular users within their coverage areas. The central server
is positioned at the center of the system and is connected to the edge servers via high-speed optical fibers.
Its primary role is to manage resource information of the whole network and to make offloading decisions
based on this information.

Edge server 1Region 2 Region 1

Client 4Client 5 Client 3

Central server

Edge server 2 gEdge serverrr 2

Task

Client 2
Client 1

Task

Figure 1: Schematic diagram of cross-regional edge offloading system

The terminal layer is composed of N terminal vehicles that are unevenly distributed across the system’s
coverage area. Each vehicle has a computation-intensive task that needs to be processed. Terminal vehicles
have the option either to process these tasks locally or to offload them to the edge server in local region.
Additionally, the system supports D2D communication, allowing terminal vehicles to offload tasks to the
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edge servers located in other regions via D2D technology, thereby further reducing computational latency.
As shown in Fig. 1, Cl ient 2 in Region 1 can offload computational tasks to the edge server in Region 2 via
Cl ient 4, achieving load balancing across multiple regions within the system to minimize the average task
latency. Meanwhile, Cl ient 3, which lacks direct coverage from any edge server, can route its computational
tasks to the edge server in Region 1 through Cl ient 2. This D2D-assisted multi-hop offloading mechanism
effectively extends the service coverage of edge servers, thereby further reducing the overall system latency.

Assume that the set of edge nodes is defined as M = {M0, M1 , . . . , Mm}, where M0 is the central server
and the rest are edge servers. Each terminal vehicle is represented by Un , where n = {1, 2, 3, . . . , N}. The
computation frequencies of the edge servers and terminal users are F and f , respectively. Time is divided into
equal slots, sequenced as t ∈ T = {1, 2, 3, . . . , T}. It is assumed that in each time slot, each terminal vehicle
has an indivisible computation-intensive task waiting to be offloaded. At time t, the task requested to be
offloaded by terminal vehicle Un is denoted as taskt

n = {Dt
n , Ct

n}, where Dt
n indicates the data volume of the

task, and Ct
n represents the computational intensity of the task, expressed as the average number of CPU

cycles required per bit of data, in units of cycles/bit. There are three ways to handle tasks: local computation,
direct offloading to the edge server in local region, or offloading to an edge server in other regions assisted
by D2D.

3.1 Network Model
In the proposed system, the communication links between terminal vehicles and edge servers operate on

different frequencies from the D2D links. Both links utilize Orthogonal Frequency Division Multiple Access
(OFDMA) [19] technology for spectrum resource allocation, with strict orthogonal subcarrier isolation
design effectively mitigating inter-channel interference, thereby enhancing the system’s communication
efficiency and stability.

According to Shanno’s formula [20], the data transmission rate from terminal vehicle Un to edge server
Mm can be calculated as follows:

rUn ,Mm = B ⋅ log2 (1 +
pUn gUn ,Mm

BN0
) (1)

where B is the communication bandwidth between the mobile terminal Un and the edge server Mm , gUn ,Mm

represents the channel gain between Un and Mm , calculated as gUn ,Mm = (dUn ,Mm)
−σ, while dUn ,Mm is the

distance between Un and Mm and σ is the path loss factor of wireless transmission, N0 denotes the power
spectral density of the background noise, and pUn is the transmission power of Un for the task.

Similarly, the data transmission rate when terminal vehicle Un sends data through a D2D communica-
tion link to another vehicle Uk is given by:

rUn ,Uk = BD2D ⋅ log2 (1 +
pUn gUn ,Uk

BD2D N0
) (2)

where BD2D represents the bandwidth for data transfer between Un and Uk through D2D communications,
gUn ,Uk denotes the channel gain between Un and Uk , expressed as gUn ,Uk = (dUn ,Uk)

−σ , while dUn ,Uk is the
distance between these two vehicles.

3.2 Local Computational Model
In scenarios where the network conditions are poor, edge servers are busy, or when a terminal vehicle is

far from an edge server and there are no other terminal vehicles nearby to act as relays, the terminal vehicle
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can opt to execute computational tasks locally. At time t, the local computation delay for terminal vehicle Un
is expressed as:

T l ocal
n ,t = Dt

nCt
n

f
(3)

3.3 Direct Edge Offloading Model
The edge computing delay comprises four parts: the uplink transmission delay when offloading tasks

to the edge server, the queuing delay at the edge server, the computation delay needed to process the task
at the edge server, and the downlink transmission delay when the results are sent back. Typically, since the
amount of data sent back is small, this part of the transmission delay can often be omitted. Therefore, this
model only considers the first three parts of the delay. Thus, at time t, the total delay for terminal vehicle Un
when directly offloading tasks to edge server Mm is expressed as Eq. (4).

T mec
n ,t ,m =

Dt
n

rt ,n
nm
+ Dt

nCt
n

F
+ Tw ait (4)

rt ,n
nm = B ⋅ log2 (1 +

pgUn ,Mm

BN0
) (5)

In the direct edge offloading model, rt ,n
nm represents the communication link capacity between terminal

vehicle Un and edge server Mm as shown in Eq. (5). Tw ait is the queuing delay caused by multiple tasks
competing for computing resources when simultaneously offloading to the edge server, and p is the
transmission power used for sending tasks. To reduce the average waiting delay of offloaded tasks, the Short
Job First (SJF) [21] algorithm is employed to determine the order of computation for tasks that arrive at the
same time.

3.4 D2D-Assisted Offloading Model
When a terminal vehicle Un is outside the service range of an edge server Mm , the D2D communication

technology can be utilized, with the assistance of other terminal vehicles Uk within the service range of
edge server Mm , to facilitate the computational offloading. At time t, the total delay for terminal vehicle Un
offloading tasks to edge server Mm via terminal vehicle Uk is expressed in Eq. (6).

T D2D
n ,t ,m =

Dt
n

rt ,n
nk
+ Dt

n
rt ,n

km
+ Dt

nCt
n

F
+ Tw ait (6)

rt ,n
nk = BD2D ⋅ log2 (1 +

pgUn ,Uk

BD2D N0
) (7)

rt ,n
km = B ⋅ log2 (1 +

pgUk ,Mm

BN0
) (8)

In the D2D-assisted offloading model, rt ,n
nk in Eq. (7) represents the communication link capacity

between terminal vehicle Un and Uk , while rt ,n
km in Eq. (8) indicates the communication link capacity between

terminal vehicle Uk and edge server Mm . The channel gain gUk ,Mm describes the quality of the channel
betweenUk and Mm , and is calculated by the formula gUk ,Mm = (dUk ,Mm)

−σ , where dUk ,Mm is the distance
between Uk and Mm . As previously mentioned, Tw ait denotes the queuing delay caused by the competition
for computing resources among multiple tasks offloading to the edge server.
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3.5 Problem Formulation
To minimize the average task delay, we construct an objective function as expressed by Eq. (9).

min
s ,n ,m
∑
t∈T
∑
n∈N
∑
k∈K

as ,t
n ,m Ts

n ,t ,m/(TNK) (9)

Within the environment for task offloading and computation decision-making, the variable as ,t
n ,m is

defined to represent the selected offloading mode s by terminal vehicle Un at time t to perform a task. Here,
s = 1, 2, 3 represents three different offloading modes. Ts

n ,t ,m denotes the delay incurred in executing the
task under the offloading mode s. When s = 1, Ts

n ,t ,m = T l ocal
n ,t , when s = 2, Ts

n ,t ,m = T mec
n ,t ,m and when s = 3,

Ts
n ,t ,m = T D2D

n ,t ,m . Additionally, T represents the time slot, while K denotes the identifier for the relay terminal.
The ultimate objective of the optimization problem is to determine the optimal set of decision variables as ,t

n ,m
that minimizes the average task execution delay across the entire system.

Constraints:
Binary Variables: a1

n ,0 = 1 indicates local computation by terminal vehicle Un ; a2
n ,m = 1indicates direct

offloading of the task from terminal vehicle Un to edge server Mm ; a3
n ,m = 1 indicates that the task from

terminal vehicle Un is offloaded to edge server Mm with the assistance of D2D communications.

as
n ,m = 1,∀n = 1, 2, . . . , N , m = 0, 1, 2, . . . , M , s = 1, 2, 3 (10)

Channel Gain Constraints: For all operational of any vehicle Un , when offloaded to any server Mm , the
channel gain must be greater than 0.

∑
∀n∈N ,m∈M

gUn ,Mm = (dUn ,Mm)
−σ > 0 (11)

Offloading Decision: For each vehicle Un , whether through local computation, direct offloading, or
offloading with D2D assistance, the sum of all offloading methods equals 1, as shown in Eq. (12).

∑
m∈M ,s∈S

as
n ,m = 1 (12)

Resource Utilization Constraints: The sum of resources used by all tasks at an edge server should not
exceed its total available resources:

∑
n∈N ,∀m∈M ,s∈S ,s≠0

as
n ,m ⋅ Rm ,n ≤ Rtotal

m ,∀m ∈ M , s = 1, 2 (13)

Distance Constraints 1: The distance from the terminal vehicle Un to the edge server Mm is less than
the maximum coverage of the edge server.

dUn ,Mm < dmax (14)

Distance Constraints 2: The distance between the terminal vehicle Un and the vehicle terminal Uk is
less than the maximum transmission distance that can be realized using D2D technology. The distance from
the terminal vehicle Uk to the edge server Mm is less than the maximum coverage of the edge server.

dUn ,Uk < dD2D
max , dUk ,Mm < dmax (15)
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In MEC environments, task arrivals and network state variations can occur on a millisecond timescale,
imposing stringent requirements on the real-time responsiveness of optimization algorithms. Traditional
methods struggle to cope with such rapidly changing scenarios, such as linear programming and integer
programming. Specifically, parameters like task loads at end devices and channel conditions are highly
time-varying. To accommodate these fluctuations, conventional algorithms typically require re-solving the
optimization problem from scratch, resulting in substantial computational delays that hinder real-time
decision-making. Additionally, in complex and dynamic network environments, historical experiences often
contain valuable insights that can guide future decisions. However, traditional optimization approaches lack
learning capabilities and are therefore incapable of leveraging past data to improve performance over time.

In contrast, DRL combines the decision-making strengths of reinforcement learning with the represen-
tational power of deep neural networks, effectively addressing the limitations of traditional methods. DRL
not only adapts to dynamic network conditions in real time but also manages high-dimensional state and
action spaces, making it an efficient and flexible solution for task offloading and computational optimization.
By continuously interacting with the environment, DRL agents can learn from historical offloading data and
incrementally refine their policies, thereby enhancing system performance under uncertainty and variability.

Based on this analysis, we formulate the task offloading and computational optimization problem as
an MDP model, transforming the original complex optimization into a sequential decision-making task.
A DRL-based algorithm is then applied to derive the optimal offloading strategy. This approach not only
supports real-time decision-making but also leverages historical data to provide an intelligent, adaptive
solution for resource allocation and task scheduling in highly dynamic MEC environments.

4 DRL-Based Cross-Regional Computation Offloading Algorithm

4.1 Deep Reinforcement Learning Framework
This section solves the proposed optimization problem by applying DRL. First, we formulate the

optimization problem as an MDP model. The three elements of the MDP model are the state space, action
space, and reward function, specifically designed as follows.

State Space S: The optimization focus of this algorithm is latency, characterized by the volume of data of
tasks awaiting execution by each terminal vehicle within the system and their computational intensity, which
dynamically reflects real-time task load and network conditions to provide inputs for decision-making. Thus,
the state of this system is defined as Eq. (16).

st = {D1
t ,1 , C1

t ,1 , . . . , Dk
t ,n , Ck

t ,n} ∈ S (16)

Action Space A: An action represents the offloading decision of a terminal vehicle, with the action at
time slot t defined as Eq. (17). Where s represents the offloading method, and m indicates the offloading
goal for task i. Specially, m = 0 corresponds to local execution. The agent achieves dynamic decision-making
through the action as ,t

n ,m .

at = {as ,t
1,m , . . . , as ,t

n ,m} ∈ A (17)

Reward Function: The core objective of the proposed algorithm is to assist mobile terminals in rapidly
completing offloading tasks for various applications by selecting appropriate offloading modes, with the
ultimate goal of minimizing the system-wide average task latency. Since the objective of reinforcement
learning is to maximize cumulative rewards, the reward function is defined as the negative value of latency, as
shown in Eq. (18). This design ensures the agent achieves latency minimization by pursuing higher rewards.
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Through exploring high-reward strategies, the agent gradually converges to the optimal offloading solution.

r (st , at) = − ∑
n∈N
∑
k∈K

as ,t
n ,m Ts

n ,t ,m (18)

4.2 Algorithm Design
The P-D3QN algorithm framework is shown in Fig. 2. By constructing reasonable state space, action

space and reward function, the agent can continuously interact with and learn from the environment,
and obtain the optimal offloading strategy through iterative training with reward feedback mechanism.
During training, the algorithm employs an ε − greed y policy to balance exploration and exploitation: with
probability ε, it randomly selects an action (exploration), and with probability 1 − ε, it chooses the action with
the highest current Q-value (exploitation). Through this dynamic selection mechanism and finally converges
to different offloading strategies corresponding to different states, aiming to minimize offloading latency.

Q(st at )

st+ st at rt st+1

argmaxaQ(st,at; )

Q (st at )

st

Figure 2: P-D3QN algorithm process

In this offloading scheme, the action space includes multiple offloading methods and multiple offloading
targets to choose from. This multi-option design significantly expands the action space. It is worth noting that
using average task latency as the optimization objective leads to relatively small Q-value ranges, where the
differences between Q-values of different actions are also small. This characteristic exacerbates the inherent
overestimation issue in conventional Deep Q-Networks (DQN).

To address these challenges, we propose a computational offloading algorithm based on the D3QN
framework [22]. As shown in Fig. 2, D3QN introduces a dual-network architecture comprising an evaluation
network and a target network, effectively decoupling action selection from target Q-value estimation. This
architecture mitigates overestimation errors and improves training stability. Through the D3QN architecture,
the system can more accurately evaluate the true value of each offloading option, enabling more effective
delay-minimization decisions. Specifically, the evaluation network Q (st , at ; θ) selects the optimal action,
while the target network Q′ (st , at ; θ′) estimates the Q-value of the selected action. Periodic updates of the
target network parameters reduce the correlation between predicted and target values, thereby stabilizing
the learning process.

Moreover, we integrate a PER mechanism [23] into the D3QN framework. By prioritizing the training
of high-error experience samples, the decision accuracy can be improved, making it more adaptable to
environmental dynamics. Given the dynamic nature of D2D link quality and the fluctuating loads on edge
servers, this adaptability is crucial.
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The pseudocode in Algorithm 1 outlines the core workflow of the algorithm. The inputs of the algorithm
include the set of terminal vehicles Un , the task set for each vehicle taskt

n , the number of training epochs,
the total number of episodes, the discount factor γ, the exploration rate μ, the batch size N , the prioritized
experience replay buffer D, the target network update frequency C, the learning rate λ, the prioritization
exponent α, and a small constant μ to prevent zero-priority samples. The output of the algorithm is
the task offloading decision a. The algorithm selects offloading actions through ε-greedy strategy and
collects environmental interaction data, utilizes dual-network architecture for alternating parameter updates,
and achieves efficient and stable optimization of minimum-latency offloading strategy through prioritized
sampling and periodic synchronization.

Algorithm 1: Cross-regional computation offloading algorithm based on P-D3QN
1. Input: Un , taskt

n , epoch, episode, γ, ε, N , D C, λ, α, μ.
2. Output: a.
3. Randomly initialize the parameters θ and θ′ of the evaluation network Q and its target network Q′;
4. for epoch = 1, 2, ..., G do
5. Initialize the state based on the task sequence and relevant environmental parameters s0, st = s0;
6. for episode = 1, 2, ..., T do
7. Select actions at using the ε-greedy strategy, and generate a random number between 0 and 1 rand;
8. if rand > ε then
9. In the state st , randomly select an action a, at = a;
10. else
11. In the state st , select the action with the highest Q-value from the evaluation network at =
argmax

a
Q (st , a; θ);

12. Execute the current action at , receive the reward rt , and observe the next time slot’s state st+1;
13. Store the transition (st , at , rt , st+1) in the prioritized replay buffer D with priority pt = (∣δt ∣ + μ)α ;
14. end for
15. Sample a mini-batch of N transitions from D based on the probability P ( j) = pα

j

∑N
k=1 pα

k
and compute

importance-sampling weights ω j = ( 1
N

1
P( j))

β
;

16. for i = 1, 2, ..., N do

17. Calculate the value of the new action: yt = rt + γ ∗ Q (st+1 , argmax
a

(Q′ (st+1 , a; θ′)) ; θ);

18. Calculate the temporal difference (TD) error: δi = ∣yt − Q (st , at ; θ) ∣;
19. Update the priority of the transition: pi = ∣δi ∣ + μ;
20. Accumulate the loss: L = ∑i wi ⋅ δ2

i ;
21. end for
22. Update the evaluation network parameters using gradient descent: θ = θ − λ ∗∇θL;
23. if epoch%C = 0 then
24. Update the parameters θ′ of the target network Q′, θ′ = θ;
25. end for

5 Simulation and Results Analysis

5.1 Simulation Setup
To validate the performance of the algorithm, this paper utilizes Python and conducts simulation tests

under the PyTorch framework for the proposed algorithm. The simulation setup includes one central server,
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two edge servers, and several terminal vehicles. The effective communication range of the edge servers is set
to 100 m, and the effective communication distance for D2D mode is also set at 100 m. The distance between
the edge servers and the road is set at 10 meters, with mobile terminals randomly distributed within this
area. The system parameters are configured as follows. The computational capacity of the edge server is set
within the range of 4 to 10 GHz, and the computational capacity of the terminal device is fixed at 1 GHz. The
communication bandwidth of the cellular link is set to 2 MHz, and the communication bandwidth of the
D2D link is also set to 2 MHz. The transmit power of the terminal device is specified as 0.5 W, with a path
loss factor of 4 and a noise power spectral density of −174 dBm/Hz. The task data volume size ranges from
100 to 900 KB, and the computational task intensity is defined within the range of 100 to 200 cycles per bit.

In the proposed task offloading scheme based on P-D3QN, the exploration rate is set to 0.05, the learning
rate is configured as 10−3, and the discount rate is established at 0.99. The experience replay buffer size is
defined as 900 transitions, with a batch size of 64 samples and a time slice duration of 30 units. Additionally,
the total number of training steps is fixed at 10,000 and the target network updates every 5 environment steps.

5.2 Algorithm Convergence Analysis
This section verifies the convergence of the algorithm proposed in this paper by analyzing the changes

in loss values and cumulative system rewards during the algorithm’s training process. The experimental setup
ten terminal users who are randomly distributed within the system’s management range.

Fig. 3 illustrates the relationship between the algorithm’s loss values and the number of training
iterations. It is evident that the algorithm converges quickly during the early stages of training, with the
loss value rapidly decreasing from 400 and approaching 0. This indicates that the algorithm’s design and
parameter selection are effective, enabling it to quickly reduce errors and accelerate the learning process.
As the number of training iterations approaches 4300, the loss values become stable, suggesting that the
proposed algorithm begins to reach a state of convergence. There are no longer significant fluctuations, which
is crucial for ensuring the reliability of the model in practical applications.
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Figure 3: Variation of loss with training iterations

Fig. 4 shows the changes in the cumulative rewards as a function of training iterations. In the initial stage,
since the algorithm makes decisions randomly, the accumulated rewards are small. As the number of training
iterations increases, the cumulative rewards gradually increase, indicating that the algorithm is effectively
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solving problems and improving system performance through continuous learning and adjusting decision
strategies. By the time the training count reaches 4300, the cumulative rewards reach their maximum value,
and the algorithm has learned the optimal offloading strategy. The cumulative rewards fluctuate around this
optimal point and gradually stabilize.
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Figure 4: The variation of accumulated rewards with training frequency

5.3 Performance Evaluation
To validate the effectiveness of the algorithm proposed in this paper, it is compared with four other

offloading algorithms.
ND: Similar to the scheme in reference [24], it does not support D2D communication mode. Terminal

users within the coverage of the edge server can offload tasks to that server, while users outside the coverage
must perform computations locally.

DF: Supports D2D communication mode, where terminal users prioritize offloading tasks to the nearest
edge server.

RC: Terminal users randomly choose their offloading destination, whether it be local computing or to
a particular edge server.

LC: Does not support offloading services, and users can only compute locally.
Fig. 5 shows the relationship between average task latency and task data volume when there are 10

terminal users and the computation frequency is 10 GHz. As task data volume increases, latency rises
for all algorithms. The LC algorithm, relying solely on local computing, performs worst due to limited
terminal capabilities, exhibiting the highest and fastest-growing latency. Our proposed algorithm possesses
outstanding learning and exploration capabilities, allowing it to identify the optimal offloading strategy
under certain constraints and minimize average task latency. Compared to DF and RC algorithms, the
advantage of our proposed algorithm lies in its strong learning and optimization capabilities. While ND also
has search capabilities, its lack of D2D communication restricts service coverage, making it inferior to both
our method and even DF, which lacks search entirely.
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Figure 5: Impact of task data volume on average task latency

Fig. 6 shows the relationship between average task latency and the number of terminal users, given
an average task data volume of 500 KB and an edge server computation frequency of 10 GHz. The results
illustrate that as the number of terminal users increases, so does the number of tasks awaiting execution.
Except for the LC algorithm, the average task latency of other algorithms exhibits an upward trend. As the LC
algorithm does not compete for computing resources of edge servers and tasks are handled individually by
users, its average task latency is almost unaffected by the increase in number of terminal users, though it has
a high average task latency. The RC method performs slightly better than LC. Although the ND algorithm
can search for optimal strategies, its lack of D2D offloading prevents it from serving users outside coverage
areas. Thus, while ND outperforms RC, it still falls short of our proposed algorithm. The DF algorithm
uses proximity-based offloading to maximize edge server resource utilization, but without cross-regional
load balancing, its performance lags behind ours. Our algorithm achieves the lowest average task latency,
demonstrating the best overall performance.
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Figure 6: Impact of user numbers on average task latency
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Fig. 7 displays the relationship between average task latency and the computation frequency of edge
servers when there are 10 terminal users and the average task data volume is 500 KB. The graph reveals that,
except for the LC algorithm, the average task latency of the other algorithms decreases as the computational
power of the edge server increases. This reduction in latency occurs because an increase in computation
frequency enables the edge server to provide more computational resources, subsequently shortening the
processing time of tasks and reducing the overall average task latency. The LC algorithm, which does not
utilize edge server resources, is unaffected by changes in the computation frequency of the edge server and
exhibits the highest average task latency. When the computational frequency is at 4 GHz, due to the limited
computing capacity of the edge server, the DF, which offloads all tasks to the nearest server, demonstrates a
higher average task latency than both the RC and ND algorithms, and the advantage over the LC algorithm
is not significant. However, as the computation frequency increases, the performance of the DF rapidly
improves, surpassing the RC at 5 GHz and the ND at 7 GHz. The proposed algorithm dynamically adjusts
its offloading strategies based on fluctuations in available computing resources, consistently outperforming
the other algorithms.
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Figure 7: Impact of MEC computing frequency on average task latency

Fig. 8 illustrates the relationship between MEC processing times and the number of terminal users,
given an average task data volume of 500 KB and an edge server computation frequency of 10 GHz. As the
number of terminal users increases, the MEC processing time rises correspondingly due to the growing
number of tasks that edge servers need to handle. Due to the uneven distribution of terminal users, different
edge servers serve varying numbers of users. In the DF, where tasks are offloaded to the nearest edge server, a
large number of tasks are offloaded to edge server M2, where they compete for computing resources, leading
to long load times and increased queuing delays. Meanwhile, edge server M1 processes fewer tasks, resulting
in a waste of computing resources. In contrast, the proposed algorithm achieves a more balanced processing
time between edge servers M1 and M2. This is due to the algorithm’s capability to offload computing tasks
across regions, which balances the load across different edge servers and fully utilizes their computing
resources, thereby effectively reducing the average task latency of the system.

From the analysis above, it can be seen that the algorithm our proposed significantly improves the overall
performance of the edge computing environment compared to several other algorithms by implementing
cross-regional task offloading. The key advantage of this algorithm is that it is not limited to offloading tasks
to the physically nearest edge server; rather, it takes into account the current load and computing capacities
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of all available edge servers across the network, thus selecting the optimal server for task processing. This
strategy optimizes resource allocation and significantly reduces task processing times, balances server loads,
and improves system response times. Due to these performance enhancements, the algorithm our proposed
is particularly suitable for use in environments with dense user bases and high service demands, such as large
event venues or complex industrial applications.
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Figure 8: Impact of the number of terminal user on MEC processing latency

6 Conclusion
This paper shows that the proposed algorithm significantly enhances edge computing by intelligently

selecting different offloading modes to optimize system performance. Unlike traditional methods focused
on proximity, our proposed algorithm considers server workloads and computational capacities, ensuring
efficient task distribution without overloading any server. This leads to faster processing and better response
times, especially in high-demand scenarios, making the algorithm our proposed a potentially robust solution
for future edge computing enhancements. Although the proposed method demonstrates good performance
under the given experimental conditions, there are still some limitations. For example, the study is validated
only in environments with a limited number of regions and servers, and future work could expand to larger-
scale networks and more complex scenarios.
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