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Abstract
The rapid development of the Internet of Vehicles (IoV) has led to an exponential increase in the number of 
latency sensitive and computationally intensive tasks. Due to the limitations of onboard computing resources 
in vehicles, offloading these tasks generated during vehicle operation to a remote cloud for processing inevi-
tably leads to significant transmission delays. By combining the IoV with Mobile Edge Computing (MEC), 
these latency sensitive and computationally intensive tasks can be processed in MEC server to reduce energy 
consumption of vehicles and the transmission delay of tasks. However, due to the small coverage area of MEC 
servers and the mobility of vehicles, it may cause vehicles using MEC services to leave the coverage area of 
current MEC servers, resulting in service interruptions. How to dynamically migrate tasks for ensuring service 
continuity is a great challenge. In this paper, we study service migration strategies in dynamic and complex 
IoV MEC environments. We first model the service migration strategies as a multi-objective optimization 
problem that minimizes the weighted sum of latency and energy consumption. We then transform the problem 
into a Markov Decision Process (MDP). To capture time-varying server loads and link-state features over the 
physical RSU graph, a Graph Convolutional Network (GCN) is employed to extract features from the network 
topology and node information in the vehicular edge network, and a graph convolutional neural network-based 
deep reinforcement learning task migration decision algorithm (Gr-MiD) is proposed to make service migration 
decisions based on task details. Simulation results in a small synthetic intra-zone IoV-MEC setting demonstrate 
that the Gr-MiD algorithm outperforms existing comparative algorithms, achieving an 8.04% reduction in aver-
age task delay and a 15.82% reduction in average task energy consumption compared to the DQN baseline 
under peak-load conditions.
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Introduction

The rapid advancements in Artificial Intelligence (AI) and the Internet of Vehicles (IoV) have led to the emergence 
of intelligent automotive applications such as autonomous driving and collision warning systems1–3. However, 
processing these compute-intensive and latency-sensitive tasks poses a significant challenge for resource-limited 
onboard devices. Although tasks can be offloaded to remote cloud servers with abundant computing resources4, 
the high latency caused by long-distance data transmission fails to meet the requirements for latency-sensitive 
tasks in vehicles5–7. To address this issue, researchers have introduced Mobile Edge Computing (MEC) technol-
ogy into the IoV. By deploying MEC servers in Road Side Units (RSUs) along the roads, forming vehicular edge 
computing, MEC provides short-range task offloading services for vehicles8–10. Offloading latency-sensitive or 
computation-intensive tasks to nearby MEC servers via the IoV can extend the computing and storage capabili-
ties of vehicular devices, thereby meeting the computational and storage resource demands of vehicle users11–13.

Although offloading tasks to MEC servers offers advantages in reducing both the energy consumption of 
onboard devices and task response latency, it introduces new challenges. The limited service coverage of MEC 
servers and the high-speed random movement of vehicles in IoV can result in situations where the offloaded ser-
vice is not yet completed when the vehicle moves out of the current MEC server’s coverage area. This can cause 
high service latency, instability, or even service interruptions14–18. Therefore, it is a significant challenge to ensure 
efficient task migration in a dynamically complex IoV-MEC network environment to maintain service continuity.

In vehicle networks, the time-varying vehicle associations, server loads, and link-state features are represented 
over a physical RSU graph. The state of each node (e.g., MEC servers) depends on its intrinsic resources (such as 
computing capacity and load) as well as the topological linkages of neighboring nodes (e.g., the communication 
bandwidth between adjacent RSUs). Graph Convolutional Network (GCN) aggregate features from neighboring 
nodes via propagation over the graph structure, enabling effective capture of these non-Euclidean spatial depen-
dencies. This mechanism provides a more comprehensive feature representation for migration decisions under 
dynamic network states.

Currently, some studies have been conducted on service migration issues, Kim et al.19 designs a system for 
optimizing edge computing deployment and proposes a distributed heuristic algorithm based on user location 
prediction to optimize task migration in MEC. However, this study does not address the problem of server loads 
and link-state features changing due to vehicle mobility, and the method, which relies on location-based predic-
tive task migration, can lead to reduced resource utilization. Additionally, some research employs traditional deep 
reinforcement learning algorithms to address service migration decision problems. Due to factors such as vehicle 
movement, varying MEC server resource loads, or MEC server failures, the network state in IoV continuously 
changes, leading to challenges such as high dimensionality of data and action space, and difficulty in model con-
vergence with traditional deep reinforcement learning algorithms. Furthermore, the robustness of these algorithm 
models is low in scenarios with time-varying IoV network states.

Different from the above studies, this paper investigates the service migration decision-making problem in 
dynamic vehicular network environments based on GCN. Firstly, we establish models for vehicle user migration 
latency and energy consumption, framing the service migration decision problem as a multi-objective optimiza-
tion problem aiming to minimize the weighted sum of task migration latency and energy consumption. Secondly, 
considering the dynamic changes in vehicle associations, link states, and resources in vehicular networks, we 
design a task migration decision algorithm based on GCN to ensure the continuity of vehicle user services. Spe-
cifically, the MEC controller monitors the state of the physical network and its topology, and the GCN is used to 
extract features from edge node information. Using these extracted edge node features and the task characteristics 
of vehicles, a Deep Reinforcement Learning (DRL) algorithm is employed to make vehicle service migration 
decisions. Finally, simulations are conducted to evaluate the performance of the proposed algorithm. The main 
contributions of this paper are as follows:
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	● We define and model the service migration problem in IoV-MEC networks as a multi-objective optimization 
problem, aimed at minimizing the weighted sum of latency and energy consumption. We further model this 
problem as a Markov Decision Process (MDP).

	● We utilize a Graph Convolutional Network (GCN) to extract features from the network topology and resource 
information of edge nodes in the IoV-MEC environment. This allows the feature information on edge nodes 
to aggregate the characteristics of neighboring nodes and links, thereby better capturing the dynamic nature of 
the IoV-MEC network.

	● We design a Graph Convolutional Network-based Deep Reinforcement Learning Task Migration Decision 
algorithm (Gr-MiD). This algorithm can adaptively make service migration decisions for tasks in a dynamic 
IoV-MEC environment.

	● We conduct simulation experiments in a small synthetic intra-zone IoV-MEC setting (a single MEC-controller 
zone with 𝐾𝐾 𝐾 𝐾  servers and Gaussian-Markov mobility), and the results demonstrate that the proposed algo-
rithm outperforms the compared baseline algorithms in terms of reducing latency and energy consumption.

The remainder of this paper is organized as follows. Section “Related work” presents the related work. The sys-
tem model and the problem definition are described in Sect. “System model and problem definition” followed 
by a detailed discussion of the service migration problem. In Sect. “Migration algorithm model”, we develop the 
Graph Neural Network-based algorithm. The performance of the proposed approaches is analyzed in Sect. “Per-
formance evaluation” and the conclusions are made in Sect. “Conclusion”.

Related work

A significant amount of research has been conducted on the service migration problem in MEC environments.
Liu et al.20 proposed a Latency-aware Service Migration method with Decision theory (LSMD) to optimize 

service latency and balance the workload of roadside units, which overlooks the impact of resource limitations 
of edge devices and complex network environments on service migration. Abouaomar et al.21 targeted minimiz-
ing total service latency and migration costs and investigated the service migration problem in MEC-supported 
vehicular networks. The authors modeled the service migration problem as a multi-agent Markov Decision Pro-
cess and addressed it using Deep Q-Networks (DQN). Zhou et al.22 introduced a service composition and Vir-
tual Machine (VM) migration scheme in cloud environments to reduce network resource consumption in data 
centers. An optimization objective function was established based on the system’s load under certain states, and 
an optimizer was used to solve the task migration decision problem. Wang et al.23 explored joint task offloading 
and migration schemes in MEC scenarios, proposing a reinforcement learning-based service migration strategy 
to maximize system benefits. However, the above studies21–23 do not account for dynamic network changes. In 
the context of vehicular networks, the mobility of vehicles and the dynamism of onboard tasks lead to dynamic 
environmental changes, making the aforementioned methods unsuitable for handling task migration in IoV-MEC 
environments.

Li et al.24 investigated a novel mobile-aware dynamic service placement and migration problem in Device-
to-Device (D2D) communications. Specifically, it addressed how to optimize service offloading and migration 
between devices under conditions of device mobility, aiming to minimize task offloading costs, including com-
putation costs, communication latency costs, and migration costs. The authors proposed a mechanism to optimize 
total delay and energy costs for dynamic service offloading and migration in D2D systems without prior knowl-
edge of future mobility information. Wang et al.25 studied the service migration decision problem in vehicular 
networks where services can be migrated through Vehicle-to-Vehicle (V2V) or Infrastructure-to-Infrastructure 
(I2I) channels. The authors proposed a migration algorithm based on game theory to minimize task migration 
energy consumption and latency. However, these studies employ traditional algorithms to solve the task migra-
tion problem, which may encounter issues such as computational explosion.
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Authors in26 and27 have explored the service migration problem in dynamic vehicular networks. Specifically, 
Chen et al.26 investigated service migration in MEC-supported vehicular networks with the goal of minimizing 
total service delay and migration costs. The authors employed Double Deep Q-Networks (DDQN) while consid-
ering factors such as vehicle mobility and server load. Zhang et al.27 proposed a mobile-aware service migration 
mechanism based on Deep Reinforcement Learning (DRL) in vehicular networks to effectively reduce service 
and migration delays. This approach considered edge network states and user mobility information to ensure real-
time service migration decisions. Luo et al.28 proposed a joint task migration and resource allocation approach 
based on Deep Deterministic Policy Gradient (DDPG) in vehicular edge computing to minimize the average 
weighted cost. This approach considered vehicle mobility, task execution time, and the costs of using edge server 
resources and transmitting tasks between RSUs. However, these studies did not address the issue of energy con-
sumption in service migration, and traditional DRL algorithms may fall into local optima when faced with the 
dynamically changing edge vehicular network environment. To facilitate comparison, the core evaluation metrics 
and key performance data of the above methods are summarized in Table 1.

To overcome these limitations of conventional DRL-based approaches in handling dynamic network topolo-
gies, recent research has demonstrated the effectiveness of graph-based optimization methods in vehicular net-
works. Authors in29 proposed the temporal graph convolutional network model that combines GCNs and gated 
recurrent units to simultaneously capture spatial topological dependencies and temporal dynamics in urban road 
networks for accurate real-time traffic forecasting. The authors in30 proposed vehicular federated graph neural 
network, a computation offloading mechanism based on federated graph neural networks for vehicular networks 
that considers vehicle characteristics and network topology to minimize weighted computation offloading delays, 
achieving high prediction accuracy and low offloading latency. Ullah et al.31 study proposed a task offloading 
scheme for vehicular edge computing that integrates GCNs with Double-DQN to enable vehicles to dynamically 
choose between local execution or offloading to nearby vehicles, edge servers, or cloud while simultaneously 
minimizing cost and delay through a Markov Decision Process optimization framework. Luo et al.32 proposed a 
Causality-Aware Graph Convolutional Network (CA-GCN) for vehicular network anomaly detection that learns 
causal relationships among message semantics to improve detection accuracy and reduce false positives. These 
studies collectively demonstrate the significant potential of applying graph-based approaches to service migration 
decision-making in dynamic IoV-MEC environments, where capturing the complex interdependencies between 
network topology, vehicle mobility, and resource allocation is crucial for optimal performance.

To address the limitations of existing work, it is worth clarifying how the proposed approach differs from the 
graph-based methods discussed above. Prior graph-RL works30,31 focus on offloading destination selection among 
multiple candidate servers, whereas this paper addresses a structurally distinct problem: the choice between 
active and passive migration schemes, where the cost trade-off between service instance transfer and remote 
data forwarding must be explicitly modeled. Moreover, existing graph-based methods typically optimize a single 
objective, while this work jointly minimizes latency and energy consumption. We further adopt an Actor-Critic 
policy gradient framework rather than value-based methods, as it offers more stable convergence under the non-
stationary, frequently-triggered migration events characteristic of dynamic IoV environments. These distinctions 
collectively motivate the design of Gr-MiD.

Literature Method Core evaluation metrics Key performance data
19 Heuristic 

Algorithm
User latency User latency is lowered by 33% rela-

tive to earlier methodologies
25 Game Theory Computation overhead Achieves a maximum reduction rate of 

24.6% when the data size is 15 Mbit.
26 DDQN Average long-term cost 30% lower than DQN
27 DQN Average migration delay The average migration delay leads by 

12%-30%
28 DDPG Average weighted cost The average weighted cost is reduced 

by approximately 8%-20%

Table 1  Performance met-
rics and results comparison 
of existing studies.
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System model and problem definition

As illustrated in Fig. 1, the considered system model comprises R different vehicle devices, U MEC controllers 
(each covering K RSUs), and a central cloud server.We denote the sets of vehicles, MEC controllers, and RSUs 
as ℛ = {1, 2, ⋅ ⋅ ⋅, 𝑅𝑅} ,𝒰𝒰 𝒰 {1, 2, ⋅ ⋅ ⋅, 𝑈𝑈} , and 𝒦𝒦 𝒦 {1, 2, ⋅ ⋅ ⋅, 𝐾𝐾} , respectively. The RSUs are uniformly distributed along the 
roadside, with each RSU housing an MEC server. Vehicle devices can access and utilize the computing resources 
of both MEC servers and the central cloud server. The designed structure consists of three distinct layers: the 
central cloud layer, the edge layer, and the vehicle device layer.

In this system, the edge layer is divided into multiple zones, with each zone deploying an MEC controller 
responsible for managing the MEC servers in the RSUs within that zone. Task offloading and initial service 
placement are assumed to have been completed before a vehicle handoff occurs. At the start of the task migration 
decision process, the vehicle device uploads its feature information and task details to the MEC controller. The 
MEC controller gathers real-time feature information from the RSUs within its coverage area and subsequently 
determines the migration strategy through the migration decision model.

Edge nodes can communicate with each other through Infrastructure-to-Infrastructure (I2I) connections using 
wired links. Therefore, when active migration is selected, the service instance can be transferred to the new serv-
ing MEC server through these communication links. When a vehicle handoff triggers a migration decision, the 
controller collects feature information about the MEC servers and the task. The migration decision model located 
in the MEC controller then chooses either active migration or passive migration.

Services model

In this system model, each MEC server has computing resources 𝐶𝐶𝑘𝑘 and storagere sources𝐷𝐷𝑘𝑘. The feature infor-
mation of the MEC server located in the k-th RSU is denoted as {𝐷𝐷𝑘𝑘, 𝐶𝐶𝑘𝑘, 𝐿𝐿𝑘𝑘} , 1 ≤ 𝑘𝑘 ≤ 𝐾𝐾, where 𝐿𝐿𝑘𝑘 represents the 
set of tasks waiting to be processed on the k-th MEC server. In the IoV context, a vehicle may need to execute 
a series of complex tasks. For example, in an intelligent transportation system scenario, vehicle devices may 
need to perform tasks including but not limited to adaptive cruise control, traffic sign recognition, and automatic 
parking. Each task may require different processing capabilities and response times, and have varying demands 
on resource utilization and latency. To ensure that these tasks are completed efficiently and timely, they can be 
decomposed into smaller, independent sub-tasks and optimized individually. This approach allows multiple sub-
tasks to be executed in parallel, thereby reducing the overall system response time and improving vehicle opera-
tion efficiency. In this paper, it is assumed that a vehicle’s task can be decomposed into N independent sub-tasks, 
defined as follows:

Fig. 1  The service migration 
system model.
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	 𝒱𝒱𝑟𝑟 = {𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑁𝑁}� (1)

where 𝒱𝒱𝑟𝑟 denotes the set of N independent sub-tasks of the task on the r-th vehicle, 1 ≤ 𝑟𝑟 ≤ 𝑅𝑅, and 𝑣𝑣𝑖𝑖 (1 ≤ 𝑖𝑖 ≤ 𝑁𝑁) 
denotes its i-th sub-task. The feature information of 𝑣𝑣𝑖𝑖 is {𝑑𝑑𝑟𝑟𝑟𝑟𝑟, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡max

𝑟𝑟𝑟𝑟𝑟 } , where 𝑑𝑑𝑟𝑟𝑟𝑟𝑟 is the task data volume, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟 is 
the computational workload measured in CPU cycles, and 𝑡𝑡max

𝑟𝑟𝑟𝑟𝑟  is the maximum acceptable processing delay. The 
processing rate of MEC server k is denoted by 𝐶𝐶𝑘𝑘 and is measured in cycles/s. Vehicle devices access MEC servers 
through RSU-based V2I links, consistent with mainstream vehicular edge-computing deployments8, providing a 
tractable baseline for future extension to multi-RAT scenarios.

Migration model

In the dynamically changing IoV environment, the position of a vehicle changes in each time slot 𝑡𝑡 ∈ {0, 1, 2 ⋅ ⋅ ⋅ 𝑇𝑇} . 
Let 𝐸𝐸𝑠𝑠

𝑡𝑡 (𝑟𝑟𝑟 ∈ 𝐾𝐾 denote the edge node to which vehicle r is connected at time slot t. By comparing the edge nodes con-
nected by the vehicle in adjacent time slots, the migration trigger state 𝑋𝑋𝑟𝑟 of vehicle r can be defined as follows:

	
𝑋𝑋𝑟𝑟 = { 0, 𝐸𝐸𝑠𝑠

𝑡𝑡 (𝑟𝑟𝑟 𝑟𝑟𝑟 𝑠𝑠
𝑡𝑡𝑡𝑡(𝑟𝑟𝑟

1, 𝐸𝐸𝑠𝑠
𝑡𝑡 (𝑟𝑟𝑟 ≠ 𝐸𝐸𝑠𝑠

𝑡𝑡𝑡𝑡(𝑟𝑟𝑟 � (2)

When 𝑋𝑋𝑟𝑟 = 0, it indicates that the vehicle is moving within the coverage area of the MEC server and does not 
require a service migration decision. When 𝑋𝑋𝑟𝑟 = 1, it signifies that the vehicle has crossed into a different cover-
age area, triggering a migration event, and a service migration decision needs to be made. Let 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟) denote the 
migration decision for task 𝑣𝑣𝑖𝑖 of vehicle r at the time of migration trigger. When 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟) = 1, it indicates an active 
migration approach, where the vehicle migrates the service instance to a new MEC server for processing. When 
𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟) = 0, it indicates a passive migration approach, where the current MEC server does not migrate the task 
instance, and the vehicle transfers task data to the original MEC server through RSU-to-RSU communication 
links.Both approaches incur different costs: the passive migration method increases communication costs due 
to data forwarding through RSUs, while the active migration method incurs migration costs due to the actual 
service migration. Therefore, service migration strategies should be formulated considering both latency and 
energy consumption costs. Here, 𝑋𝑋𝑟𝑟 functions purely as a migration event detector rather than a migration execu-
tor. The actual strategy is determined by the decision variable 𝜌𝜌(𝑟𝑟𝑟 𝑟𝑟𝑟: selecting passive migration (𝜌𝜌(𝑟𝑟𝑟 𝑟𝑟𝑟 𝑟 𝑟) retains 
the task on the original MEC server until completion, which functionally subsumes scenarios where migration is 
inadvisable due to advanced task execution progress. Furthermore, the temporal uncertainty of vehicle dwell time 
within the current RSU coverage area is handled implicitly through the MDP formulation: the migration trigger 
condition 𝑋𝑋𝑟𝑟 is evaluated at each discrete time slot t, and the policy 𝜋𝜋𝜃𝜃 is trained over diverse vehicle mobility 
traces generated by the Gaussian-Markov model, enabling the actor network to learn temporally-aware migration 
policies without requiring an explicit dwell-time predictor.

Latency model

In vehicular networks, the service migration process primarily involves the following steps: the vehicle device 
uploads the task to the MEC server, the service instance corresponding to the vehicle migrates between MEC 
servers, the MEC server processes the task from the vehicle device, and the results are returned to the vehicle 
device via the RSU. Therefore, the considered delay model includes the delay for the vehicle device to upload the 
task to the MEC server, the migration delay of the service instance between MEC servers, the queuing delay of 
the task on the MEC server, the processing delay of the vehicle task on the MEC server, and the return delay for 
the RSU to transmit the computed results back to the vehicle device.

Since the vehicle device and RSU use a wireless network for bidirectional data transmission, the upload rate 
of tasks from the vehicle device to the MEC server is influenced by the vehicle’s transmission power, the com-
munication link bandwidth, the channel gain between the vehicle and RSU, and the noise power in the channel. 
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According to Shannon’s theorem, the task transmission rate from the vehicle device to the MEC server can be 
expressed as:

	
𝑅𝑅𝑉𝑉𝑉𝑉𝑉 = 𝐵𝐵1 ⋅ log2 (1 +

𝑝𝑝 ⋅ ℎ𝑟𝑟𝑟𝑘̇𝑘
𝜎𝜎2 )� (3)

where 𝐵𝐵1 represents the bandwidth of the communication link between the vehicle and the RSU, p is the transmis-
sion power of the vehicle, Let ℎ𝑟𝑟𝑟𝑟𝑟 denote the channel gain between vehicle r and MEC server k, 𝜎𝜎2 denotes the 
power of additive white Gaussian noise in the channel.

The upload latency depends solely on the transmission rate and the size of the task data. Thus, the delay for 
uploading a task from the vehicle device to the MEC server can be expressed as:

	
𝑡𝑡𝑢𝑢𝑢𝑢𝑟𝑟𝑟𝑟𝑟 =

𝑑𝑑𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝑉𝑉𝑉𝑉𝑉

� (4)

The processing latency depends on the task workload 𝑐𝑐𝑟𝑟𝑟𝑟𝑟 (cycles) and the processing rate 𝐶𝐶𝑘𝑘 (cycles/s) of the MEC 
server on which the sub-task is executed. Under the sequential FCFS service model, the processing delay is

	
𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 =

𝑐𝑐𝑟𝑟𝑟𝑟𝑟
𝐶𝐶𝑘𝑘

.� (5)

Let 𝒫𝒫𝑘𝑘(𝑟𝑟𝑟 𝑟𝑟𝑟 𝑟𝑟𝑟 denote the set of unfinished tasks that arrived at server k before task (r, i) at time t. The FCFS queuing 
delay includes only these preceding tasks and is therefore defined as

	
𝑡𝑡𝑞𝑞𝑞𝑞𝑞𝑞𝑟𝑟𝑟𝑟𝑟 = ∑

(𝑟𝑟′,𝑗𝑗𝑗∈𝒫𝒫𝑘𝑘(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑐𝑐𝑟𝑟′,𝑗𝑗
𝐶𝐶𝑘𝑘

,� (6)

where the sum is zero when 𝒫𝒫𝑘𝑘(𝑟𝑟𝑟 𝑟𝑟𝑟 𝑟𝑟𝑟 𝑟 ∅. This formulation excludes tasks arriving after (r, i) and is dimensionally 
expressed in seconds.

Due to the varying delays caused by different migration schemes, when a vehicle triggers migration and uses 
the active migration scheme, the delays to consider include: the delay for the vehicle device to upload the task 
to the MEC server, the queuing delay for the vehicle task at the MEC server, the processing delay for the vehicle 
task at the MEC server, and the migration delay of service instances between MEC servers. Since the data volume 
of the processing result is very small, the return delay is not considered. The migration delay of service instances 
between MEC servers approaches a constant value, which is denoted as 𝑡𝑡𝑚𝑚. This constant approximation reflects 
the container-level migration paradigm adopted in this work. Unlike VM migration, which transfers entire OS 
images and incurs minute-level delays, container migration exploits lightweight image layering to achieve sec-
ond-level migration times33. Since container image sizes remain stable within the same IoV-MEC zone, both 𝑡𝑡𝑚𝑚 
and 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚 are reasonably modeled as scenario-averaged constants. Therefore, the total delay incurred using the 
active migration scheme can be expressed as:

	 𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟 = 𝑡𝑡𝑢𝑢𝑢𝑢𝑟𝑟𝑟𝑟𝑟 + 𝑡𝑡𝑞𝑞𝑞𝑞𝑞𝑞𝑟𝑟𝑟𝑟𝑟 + 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 + 𝑡𝑡𝑚𝑚� (7)

When adopting the passive migration scheme, the delays to consider include: the delay for the vehicle device to 
upload the task to the MEC server, the queuing delay for the vehicle’s task on the MEC server, the processing 
delay of the vehicle’s task on the MEC server, and the communication delay between two edge servers for task 
transmission. Therefore, the total delay incurred under the passive migration scheme can be expressed as:

	
𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟 = 𝑡𝑡𝑢𝑢𝑢𝑢𝑟𝑟𝑟𝑟𝑟 + 𝑡𝑡𝑞𝑞𝑞𝑞𝑞𝑞𝑟𝑟𝑟𝑟𝑟 + 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 +

𝑑𝑑𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝐸𝐸𝐸𝐸𝐸

� (8)

where 𝑅𝑅𝐸𝐸𝐸𝐸𝐸 represents the transmission rate of task data between edge servers. Similarly, this can be expressed 
using the Shannon formula as:
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𝑅𝑅𝐸𝐸𝐸𝐸𝐸 = 𝐵𝐵2 ⋅ log2 (1 +

𝑝𝑝𝑒𝑒 ⋅ ℎ𝑙𝑙𝑙𝑙𝑙
𝜎𝜎2 )� (9)

where 𝐵𝐵2 denotes the link bandwidth between MEC servers, 𝑝𝑝𝑒𝑒 is the transmitting power of the RSUs, ℎ𝑙𝑙𝑙𝑙𝑙 denotes 
the channel gain between RSUs, and 𝜎𝜎2 represents the additive Gaussian white noise power in the channel.

Energy consumption model

In the task migration phase, the main considerations for energy consumption include: the energy consumed dur-
ing transmission and the energy consumed by the MEC servers for task processing.

The energy consumed during transmission is divided into two types: one is the energy consumed when the task 
is uploaded to the MEC server, which is primarily related to the vehicle’s transmission power and the task upload 
delay. This can be expressed as:

	 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟 = 𝑝𝑝 ⋅ 𝑡𝑡𝑢𝑢𝑢𝑢𝑟𝑟𝑟𝑟𝑟 � (10)

The other type is the energy consumed during the migration of tasks between MEC servers, which can be 
expressed as:

	 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑟𝑟𝑟𝑟𝑟 = 𝑒𝑒𝐸𝐸𝐸𝐸𝐸 ⋅ 𝑑𝑑𝑟𝑟𝑟𝑟𝑟� (11)

where 𝑒𝑒𝐸𝐸𝐸𝐸𝐸 represents the energy consumed for transmitting each unit of data between MEC servers.
The processing energy consumption is expressed as:

	 𝑒𝑒𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 = 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 ⋅ 𝑐𝑐𝑟𝑟𝑟𝑟𝑟� (12)

where 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 denotes the energy consumed per CPU cycle on the MEC server.
Similar to the latency model, different task migration schemes result in different energy consumption. When 

the proactive migration scheme is chosen, the energy consumption to consider includes: the energy consumed 
during the upload of tasks to the MEC server, the processing energy consumed on the MEC server, and the 
migration energy incurred when transferring service instances between MEC servers. It is important to note that 
the migration energy between MEC servers tends to be a constant, denoted as 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚. Therefore, the total energy 
consumption for the proactive migration scheme can be expressed as:

	 𝑒𝑒𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟 = 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟 + 𝑒𝑒𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 + 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚� (13)

When using the passive migration scheme, the main energy consumption to consider includes: the energy con-
sumed during task upload to the MEC server, the energy consumed during task data transfer between MEC serv-
ers, and the energy consumed during task processing on the MEC server. Therefore, the total energy consumed 
when executing the passive migration scheme can be expressed as:

	 𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟 = 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟 + 𝑒𝑒𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑟 + 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑟𝑟𝑟𝑟𝑟 � (14)

Problem formulation

Based on the introduced migration decision variables, the latency incurred by sub-task 𝑣𝑣𝑖𝑖 of vehicle r under deci-
sion 𝜌𝜌(𝑟𝑟𝑟 𝑟𝑟𝑟 can be expressed as:

	 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟 = 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟) ⋅ 𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟 + [1 − 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟)] ⋅ 𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟 � (15)

Similarly, the energy consumption incurred by sub-task 𝑣𝑣𝑖𝑖 of vehicle r is:
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𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟 = 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟) ⋅ 𝑒𝑒𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟 + [1 − 𝜌𝜌 (𝑟𝑟𝑟 𝑟𝑟)] ⋅ 𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟 � (16)

Let 𝑇𝑇ref and 𝐸𝐸ref denote the per-task reference latency and energy, respectively. Because each migration decision 
𝜌𝜌(𝑟𝑟𝑟 𝑟𝑟𝑟 is made independently per sub-task, the vehicle-level objective is the sum of the per-task normalized costs, 
each normalized by the same per-task reference. The utility function is

	
𝑈𝑈 𝑈

𝑁𝑁

∑
𝑖𝑖𝑖𝑖

(𝜀𝜀1
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝑇𝑇ref

+ 𝜀𝜀2
𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝐸𝐸ref

) .� (17)

Therefore, the optimization problem is formulated as

	

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
𝜌𝜌(𝑟𝑟𝑟𝑟𝑟𝑟

∶ 𝑈𝑈 𝑈
𝑁𝑁

∑
𝑖𝑖𝑖𝑖

(𝜀𝜀1
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝑇𝑇ref

+ 𝜀𝜀2
𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝐸𝐸ref

)

𝑆𝑆𝑆𝑆𝑆𝑆

⎧{{{
⎨{{{⎩

𝐶𝐶𝐶 𝐶 𝜀𝜀1 + 𝜀𝜀2 =1 , 𝜀𝜀1 ∈ [0, 1], 𝜀𝜀2 ∈ [0, 1]
𝐶𝐶𝐶 𝐶 ∑

(𝑟𝑟𝑟𝑟𝑟𝑟∈𝒜𝒜𝑘𝑘(𝑡𝑡𝑡
𝑐𝑐𝑟𝑟𝑟𝑟𝑟 ≤ 𝐶𝐶𝑘𝑘𝛥𝛥𝑡𝑡

𝐶𝐶𝐶 𝐶 ∑
(𝑟𝑟𝑟𝑟𝑟𝑟∈𝐿𝐿𝑘𝑘(𝑡𝑡𝑡

𝑑𝑑𝑟𝑟𝑟𝑟𝑟 ≤ 𝐷𝐷𝑘𝑘

𝐶𝐶𝐶 𝐶 𝜌𝜌 (𝑟𝑟𝑟𝑟𝑟 ) ∈ {0, 1}

� (18)

Here, 𝜀𝜀1 and 𝜀𝜀2 specify the relative preference between the two dimensionless per-task objectives, and 𝑇𝑇ref and 
𝐸𝐸ref are defined at the same per-task aggregation level as the normalized variables in both the objective and the 
reward defined in Eq. (21). In constraint C2, 𝒜𝒜𝑘𝑘(𝑡𝑡𝑡 denotes the set of sub-tasks newly admitted to server k during 
scheduling interval 𝛥𝛥𝑡𝑡; the workload of the newly admitted sub-tasks, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟 (cycles), must not exceed the processing 
budget 𝐶𝐶𝑘𝑘𝛥𝛥𝑡𝑡 (cycles) available in that interval. Sub-tasks already queued on server k are not re-counted in C2, so a 
legitimate multi-slot FCFS backlog may span several intervals. Constraint C3 limits the total data volume of the 
queued backlog 𝐿𝐿𝑘𝑘(𝑡𝑡𝑡 to the available storage capacity 𝐷𝐷𝑘𝑘, and C4 defines the binary migration-scheme decision.

Migration algorithm model

To address the optimization objective presented in Eq. (18), this paper proposes a Graph Convolutional Network-
based Deep Reinforcement Learning Task Migration Decision Algorithm (Gr-MiD) to determine the optimal task 
migration strategy in vehicular networks. As illustrated in Fig. 2, the proposed task migration decision model 
first employs a Graph Convolutional Network (GCN) to extract topology-aware features from the edge-node 
information, including both node resource states and inter-node link information. In the considered experimental 
setting, each MEC-controller zone contains K=5 MEC servers, which is used to instantiate the graph-related ten-
sor dimensions described in the following sections. The extracted graph representation is then integrated with 
the task feature information to construct the state representation used by the Actor–Critic framework. Finally, the 
Deep Reinforcement Learning (DRL) algorithm generates migration decisions aimed at minimizing the weighted 
sum of task migration delay and energy consumption.

The Actor-Critic framework is adopted over value-based alternatives because frequent and irregular migration 
triggers in IoV environments create non-stationary state distributions, under which policy gradient methods offer 
more stable on-policy updates than Q-value approximation. The GCN is incorporated as the state-representation 
backbone. Its node embeddings are first aggregated by the global mean-pooling readout and projected, which is 
then concatenated with the task features to form the state supplied to the Actor–Critic framework.
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Reinforcement learning environment

The reinforcement learning framework consists of three main components: state, action, and reward. Each of 
these components is described in detail below.

State Space: In task migration, it is essential to consider the characteristics of MEC servers, the link informa-
tion between MEC servers, and the task characteristics. Although link states might be useful in task migration 
within vehicular networks, the number of links typically exceeds the number of nodes in such environments. For 
simplicity and computational efficiency, this paper integrates link information into the node feature information, 
represented as E𝐵𝐵𝐵𝐵_𝑀𝑀𝑀𝑀𝑀𝑀

𝑘𝑘 , which can be understood as the total bandwidth of all links connected to edge node k. 
These per-server features {𝐷𝐷𝑘𝑘, 𝐶𝐶𝑘𝑘,E𝐵𝐵𝐵𝐵_𝑀𝑀𝑀𝑀𝑀𝑀

𝑘𝑘 } are collected into the node feature matrix H0 (Eq. (22)) and processed 
by the GCN. To obtain a fixed-dimensional, K-invariant state, the GCN output H2 (Eq. (25)) is reduced to a graph-
level readout zGCN(𝑡𝑡𝑡 (Eq. (26)) and projected to zproj(𝑡𝑡𝑡 (Eq. (27)). The state vector is therefore the concatenation of 
this projected graph readout and the task features:

	 𝑆𝑆𝑆𝑆𝑆𝑆 𝑆 [ zproj(𝑡𝑡𝑡 𝑡 𝑡𝑡𝑟𝑟𝑟𝑟𝑟, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡max
𝑟𝑟𝑟𝑟𝑟 ] ∈ ℝ18,� (19)

where zproj(𝑡𝑡𝑡 ∈ ℝ15 is the projected graph readout defined in Eqs. (26), (27), and the task features 𝑑𝑑𝑟𝑟𝑟𝑟𝑟, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡max
𝑟𝑟𝑟𝑟𝑟  com-

plete the state. Because the mean-pooling readout is K-invariant, dim 𝑆𝑆𝑆𝑆𝑆𝑆 𝑆 𝑆𝑆 is independent of the number of 
servers K. Here the task feature vector 𝑣𝑣𝑟𝑟𝑟𝑟𝑟 = {𝑑𝑑𝑟𝑟𝑟𝑟𝑟, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡max

𝑟𝑟𝑟𝑟𝑟 } implicitly encodes task execution progress through the 
remaining computational demand 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, enabling the DRL agent to naturally avoid triggering unnecessary migra-
tions for near-completion tasks. The 18-dimensional state S(t) is composed of exactly two parts:

Fig. 2  Migration decision algorithm model based on GCN. The node feature matrix H0 ∈ ℝ𝐾𝐾𝐾𝐾𝐾 and the adjacency matrix A 
are processed by the GCN into topology-aware embeddings H2 ∈ ℝ𝐾𝐾𝐾𝐾𝐾′ . A mean-pooling readout followed by a linear projec-
tion reduces H2 to a K-invariant vector zproj ∈ ℝ15, which is concatenated with the task features 𝑣𝑣𝑟𝑟𝑟𝑟𝑟 to form the 18-dimensional 
state; the Actor network then outputs the binary migration decision 𝜌𝜌𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡.
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	● a projected graph readout zproj(𝑡𝑡𝑡 ∈ ℝ15, obtained by mean-pooling the GCN node embeddings H2 ∈ ℝ𝐾𝐾𝐾𝐾𝐾′  into a 
graph-level vector zGCN(𝑡𝑡𝑡 ∈ ℝ𝐹𝐹′  and applying a learned linear projection W𝑝𝑝 ∈ ℝ15×𝐹𝐹′  (Eqs. (26), (27));

	● the task features [𝑑𝑑𝑟𝑟𝑟𝑟𝑟, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡max
𝑟𝑟𝑟𝑟𝑟 ] ∈ ℝ3.

The resulting state dimension is 18 for any number of servers K. All input features are min-max normalized 
to [0, 1] using known physical deployment bounds to prevent feature-scale dominance and stabilize gradient 
computation.

Action Space: After the controller obtains the environmental state, the agent will make migration decisions 
based on the current state. This paper defines 𝜌𝜌𝑟𝑟𝑟𝑟𝑟 (𝑡𝑡) as the migration decision of the vehicle when migration is 
triggered. When 𝜌𝜌𝑟𝑟𝑟𝑟𝑟 (𝑡𝑡) = 1, the proactive migration scheme is adopted, meaning the vehicle needs to migrate the 
incomplete task to the new MEC server for processing. When 𝜌𝜌𝑟𝑟𝑟𝑟𝑟 (𝑡𝑡) = 0, the passive migration scheme is adopted, 
meaning the current MEC server will not transfer the incomplete task but will wait until the task is completed 
and then return the results to the vehicle through the RSU communication link. Thus, the action space can be 
represented as:

	 𝐴𝐴𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡 𝑡 𝜌𝜌𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡� (20)

Reward Function: The reward is defined as the negative of the normalized per-task cost, matching the per-task 
terms inside the objective of Eqs. (17)–(18):

	
𝑅𝑅𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡 𝑡 𝑡(𝜀𝜀1

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝑇𝑇ref

+ 𝜀𝜀2
𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟
𝐸𝐸ref

) .� (21)

Here, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟  and 𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟  are the per-task latency and energy resulting from action 𝜌𝜌𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡, and the same coefficients 𝜀𝜀1, 𝜀𝜀2 
and the same per-task references 𝑇𝑇ref, 𝐸𝐸ref are used in both the optimization problem and the implemented reward.

Feature extraction

In the deep reinforcement learning framework, the agent located in the MEC controller needs to observe the state 
information of the environment and then process this information using a neural network. In vehicular networks, 
vehicle mobility changes server loads and link-state features over time, while the physical I2I adjacency remains 
fixed during normal operation. To capture the spatial dependencies between the time-varying node states on this 
graph, this paper uses a Graph Convolutional Network (GCN).

In the feature extraction process, this paper uses normalized node features such as computing resources 𝐶𝐶𝐶𝐶𝐶𝐶 (𝑘𝑘)
, storage resources 𝑆𝑆𝑆𝑆𝑆𝑆 (𝑘𝑘), and total bandwidth 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (𝑘𝑘) to represent the state of edge nodes. These features serve 
as the input for the first layer, which can be expressed as:

	 x𝑘𝑘 = ⌈𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶⌉� (22)

The adjacency matrix A ∈ ℝ𝐾𝐾𝐾𝐾𝐾 is constructed from the physical I2I wired links between RSUs: 𝐴𝐴𝑘𝑘𝑘𝑘 = 1 if RSU k 
and RSU j are directly connected, and 𝐴𝐴𝑘𝑘𝑘𝑘 = 0 otherwise. Since RSU positions within a zone are fixed, A remains 
static during normal operation and is reconstructed only upon server failure or zone reconfiguration. This phys-
ical-connectivity definition is preferred over proximity-based or fully-connected alternatives, as it faithfully 
reflects the actual migration traffic graph while yielding a sparse structure compatible with the normalized GCN 
propagation described below.

The GCN uses the standard symmetrically normalized propagation operator with explicit self-loops. Let 
Ã = A + I𝐾𝐾 and let D̃ be its degree matrix, with 𝐷̃𝐷𝑘𝑘𝑘𝑘 = ∑

𝑗𝑗
𝐴̃𝐴𝑘𝑘𝑘𝑘. The layer-wise propagation rule is

	 H𝑙𝑙𝑙𝑙 = ReLU(D̃−1/2
ÃD̃

−1/2
H𝑙𝑙W𝑙𝑙) .� (23)
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The self-loop term preserves each server’s own CPU, storage, and bandwidth features at every layer, while 
symmetric degree normalization prevents node-dependent feature amplification on an irregular RSU graph. The 
physical adjacency A represents fixed I2I connectivity; dynamic link quality remains part of the time-varying 
node feature matrix H0(𝑡𝑡𝑡. The first and second GCN layers are therefore

	

H1 = ReLU(D̃−1/2
ÃD̃

−1/2
H0W0) ,

Ã ∈ ℝ𝐾𝐾𝐾𝐾𝐾, H0 ∈ ℝ𝐾𝐾𝐾𝐾𝐾, W0 ∈ ℝ𝐶𝐶𝐶𝐶𝐶.
� (24)

	

H2 = ReLU(D̃−1/2
ÃD̃

−1/2
H1W1) ,

H1 ∈ ℝ𝐾𝐾𝐾𝐾𝐾, W1 ∈ ℝ𝐹𝐹𝐹𝐹𝐹′ .
� (25)

The resulting row vector h𝑘𝑘(𝑡𝑡𝑡 of H2(𝑡𝑡𝑡 is the topology-aware representation of server k. To obtain a fixed-dimen-
sional, K-invariant graph-level representation from the per-server embeddings, a global mean-pooling readout is 
applied:

	
zGCN(𝑡𝑡𝑡 𝑡

1
𝐾𝐾

𝐾𝐾

∑
𝑘𝑘𝑘𝑘

h𝑘𝑘(𝑡𝑡𝑡 ∈ ℝ𝐹𝐹′ ,� (26)

where h𝑘𝑘(𝑡𝑡𝑡 denotes the k-th row of H2(𝑡𝑡𝑡. Because the mean over nodes yields an 𝐹𝐹′-dimensional vector for any 
K, the readout is K-invariant. A learned linear projection then compresses this vector to a compact dimension d 
before it is fused with the task features:

	 zproj(𝑡𝑡𝑡 𝑡W𝑝𝑝 zGCN(𝑡𝑡𝑡 ∈ ℝ𝑑𝑑,� (27)

with W𝑝𝑝 ∈ ℝ𝑑𝑑𝑑𝑑𝑑′ . Because H0(𝑡𝑡𝑡 contains time-varying resource and bandwidth states, the GCN is recomputed at 
every migration-decision epoch. Vehicle handoff 𝑋𝑋𝑟𝑟 = 1 triggers a migration decision but does not by itself indi-
cate that the infrastructure adjacency matrix has changed. A change in A(𝑡𝑡𝑡 is represented by a separate infrastruc-
ture event and occurs only upon an RSU/server failure, recovery, or zone reconfiguration.
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Migration decision algorithm

Algorithm 1  Migration decision algorithm process.
Given the frequent and random state changes due to vehicle mobility and urban road environments, this paper 
improves upon the traditional actor-critic algorithm. The improvement involves incorporating a Graph Convo-
lutional Network (GCN) to extract features from edge nodes and link information, ensuring that each edge node 
incorporates information from neighboring nodes and links. This enhancement allows the model to generate more 
optimal task migration decisions. The specific algorithm model is illustrated in Fig. 2.

At each time slot, the MEC controller refreshes the node feature matrix H0(𝑡𝑡𝑡 from the current CPU, storage, and 
bandwidth states. Vehicle handoff 𝑋𝑋𝑟𝑟 = 1 is treated solely as the trigger for a migration decision, whereas changes 
in physical RSU connectivity are represented by a separate infrastructure-topology event. At every migration-
decision epoch, the controller recomputes H2(𝑡𝑡𝑡 𝑡 GCN(A(𝑡𝑡𝑡𝑡H0(𝑡𝑡𝑡𝑡, applies the mean-pooling readout and the pro-
jection zproj(𝑡𝑡𝑡 𝑡W𝑝𝑝zGCN(𝑡𝑡𝑡, and forms 𝑆𝑆𝑆𝑆𝑆𝑆 𝑆 𝑆zproj(𝑡𝑡𝑡𝑡 𝑡𝑡𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡𝑡 before the actor selects 𝑎𝑎𝑡𝑡 ∼ 𝜋𝜋𝜃𝜃(⋅ ∣ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆. Thus, no cached 
embedding is reused after node resources or link-state features have changed. The chosen action is executed in 
the environment, yielding a reward and the next state. Next, the critic network’s update parameters, denoted as 𝛿𝛿
, are calculated based on 𝑅𝑅𝑅𝑅𝑅𝑅 𝑅 𝛾𝛾 ̂𝑣𝑣 (𝑆𝑆𝑆𝑆𝑆𝑆  𝑆𝑆𝑆 𝑆𝑆) − ̂𝑣𝑣 (𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑆𝑆), where S(t) and 𝑆𝑆𝑆𝑆𝑆 𝑆 𝑆𝑆 denote the current and next states, 
respectively, in accordance with the temporal-difference update in Algorithm 1. These update parameters 𝛿𝛿 serve 
as the guidance signal for the actor network, instructing it on how to adjust the action probabilities. The specific 
process is outlined in the pseudocode of Algorithm 1. The binary action space 𝜌𝜌𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑡 ∈ {0, 1} is a deliberate design 
choice balancing decision granularity and algorithmic tractability. Expanding the action space to explicitly enu-
merate K candidate destination MEC servers increases policy gradient variance approximately proportional to |𝒜𝒜𝒜
, substantially degrading convergence stability under the non-stationary topology dynamics of IoV environments. 
Importantly, topology information remains incorporated in the decision process: the GCN aggregates the comput-
ing, storage, and bandwidth states across the K edge nodes into topology-aware node embeddings. These embed-
dings are subsequently transformed by the mean-pooling readout and linear projection into 𝑧𝑧proj(𝑡𝑡𝑡, which forms 
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part of the state 𝑆𝑆(𝑡𝑡𝑡 used by the actor. Accordingly, the present method solves a deliberately restricted decision 
problem—the selection between active and passive migration schemes—while richer action spaces with explicit 
destination-level migration decisions are outside the present scope and are left for future work.

Gr-MiD adopts an on-policy Actor-Critic update, which renders replay buffers and target networks inappli-
cable by design, as these mechanisms are specific to off-policy value-based methods such as DQN. Exploration is 
handled intrinsically via the stochastic softmax policy: the actor outputs a probability distribution over the binary 
action space at each step, from which actions are sampled during training, providing continuous exploration that 
naturally anneals as policy entropy decreases. Each training episode comprises 5,000 discrete time slots and 
terminates upon exhausting all time slots without early stopping; training is concluded when the mean episodic 
reward stabilizes, typically within 800–1,000 episodes.

Performance evaluation

In this section, we first describe the simulation setup and then evaluate the performance of the proposed Gr-MiD 
algorithm.

Simulation setup

Experiment parameters

The simulation experiments were conducted on a desktop computer equipped with an Nvidia RTX 4090 GPU, 
using the Python NetworkX 3.1 library to generate the initial sparse physical RSU topology for each trial. The 
physical adjacency remains fixed during normal operation, while vehicle mobility produces time-varying server 
loads and link-state features. The considered vehicular network environment consists of one MEC controller, five 
MEC servers, and a set of vehicles. Each vehicle device is tasked with processing 10 tasks. It is assumed that the 
computational workload of each task is uniformly distributed between 103 and 104 mega-cycles (i.e., 109–1010 CPU 
cycles), while the MEC-server processing rate is measured in cycles/s. The data size for each task is uniformly 
distributed between 10 ∼ 30 MB. The maximum acceptable delay is between 0.5 ∼ 1.2 seconds. The computational 
capabilities of the vehicle devices and MEC servers are set to 2 ∼ 5 GHz and 15 ∼ 35 GHz, respectively34. Due 
to the fact that signal transmission power, channel gain, and noise power only affect the task transmission rate, 
this study directly sets the transmission rate 𝑅𝑅𝑉𝑉𝑉𝑉𝑉 between vehicle devices and MEC servers to 40 ∼ 60 MB/s, and 
the transmission rate 𝑅𝑅𝐸𝐸𝐸𝐸𝐸 between adjacent MEC servers to 100 ∼ 150 MB/s35. The link bandwidth is set to 1 ∼ 10 
Gbps. Therefore, no specific settings are made for signal transmission power, channel gain, or noise power.

The Gaussian-Markov mobility model is widely adopted in MEC-oriented vehicular network research23,26–28 
for its ability to generate temporally correlated trajectories that reflect realistic movement inertia, inducing time-
varying and spatially heterogeneous load distributions across MEC servers, which is the critical property for 
stress-testing migration decision policies. While datasets such as T-Drive36 offer high-fidelity trajectories, they 
lack the application-layer workload parameters (e.g., per-task computational demand and data volume) required 
by MEC simulators, making direct integration non-trivial. Regarding transmission rates, the fixed ranges (V2E: 
40–60 MB/s; E2E: 100–150 MB/s) represent scenario-averaged throughputs consistent with the literature34,35 and 
reflect a deliberate system-level abstraction, as the focus of this work is the migration decision policy rather than 
physical-layer phenomena such as fading or interference. Incorporating stochastic channel models and realistic 
mobility traces are identified as directions for future work.

The experimental configuration of 𝐾𝐾 𝐾 𝐾 MEC servers corresponds to a single MEC controller zone, which 
is the standard intra-zone operational unit of the proposed framework and is consistent with the deployment 
scales adopted in representative IoV-MEC studies26–28. Large-scale deployments are realized by replicating this 
zone structure under multiple MEC controllers. Since A encodes a sparse road-following topology with |ℰ| = 𝒪𝒪𝒪𝒪𝒪𝒪 
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edges, the per-layer GCN complexity reduces to 𝒪𝒪𝒪𝒪𝒪 ⋅ 𝐹𝐹𝐹. Moreover, the mean-pooling readout and the linear pro-
jection are K-invariant: H2 ∈ ℝ𝐾𝐾𝐾𝐾𝐾′  is mapped to a fixed 15-dimensional vector zproj(𝑡𝑡𝑡 for any K, so the actor–critic 
input dimension remains 18 regardless of the number of servers. The framework therefore scales linearly in com-
putation with zone size and accepts variable graph sizes without architectural modification.

Statistical methodology

The study uses synthetic data generated with Python NetworkX to simulate IoV-MEC environments, ensuring all 
algorithms are evaluated on identical datasets. All algorithms (Gr-MiD, DQN, DDQN, DDPG) process the same 
vehicle mobility traces and task arrival sequences, with results averaged over 30 independent trials to mitigate 
randomness. Unless otherwise stated, performance curves report mean values with error bars representing 95% 
confidence intervals across the 30 trials. Figure 3 reports the median normalized reward; its 95% confidence 
interval is obtained by non-parametric bootstrap resampling (10,000 resamples) over the 30 independent trials. 
Each trial is governed by a fixed random seed (seeds 0–29) applied consistently across all compared algorithms, 
covering mobility trace generation, topology initialization, and neural network weight initialization, ensuring full 
reproducibility.

To verify real-time feasibility, we profiled the end-to-end decision latency over 500 consecutive runs on a 
workstation equipped with an NVIDIA GeForce RTX 4090 GPU. The GCN inference averaged 0.8 ms, and the 
complete pipeline (GCN feature extraction and actor forward pass) averaged 2.1 ms, which is less than 1.1% of 
the 200 ms decision period 𝛥𝛥𝑡𝑡 𝑡 𝑡𝑡𝑡 s (5 decisions/s). These results indicate that the proposed framework incurs a 
relatively small decision-time overhead on the evaluated GPU platform.

The structure of neural network

According to the state-space definition in Eq. 19, S(t) consists of the 15-dimensional projected graph readout 
zproj(𝑡𝑡𝑡 (Eqs.  (26), (27)) and the 3-dimensional task features, giving 18 scalar features in total.The actor there-
fore uses an 18-dimensional input and produces a two-dimensional probability distribution over the active/pas-
sive actions. Algorithm 1 employs a state-value critic ̂𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑣𝑣𝑣; accordingly, the critic receives only the current 
18-dimensional state and outputs one scalar value. It does not concatenate the action, next state, or reward with its 
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input. The actor and critic architectures are therefore 18 × 256 × 256 × 256 × 2 and 18 × 256 × 256 × 256 × 1, respectively. 
The hidden-layer width is selected empirically, and the GCN, together with the mean-pooling readout and the 
linear projection, provides the topology-aware state representation used by the actor–critic model. The simulation 
environment is built using Python, and TensorFlow is used for constructing and training the neural networks. The 
learning rates for the actor and critic networks are set to 0.001 and 0.005, respectively, with a discount factor set 
to 0.9. All parameter information is summarized in Table 2.

Performance comparison

Comparison of different algorithms

This section compares Gr-MiD with five comparison methods, including three conventional DRL baselines 
(DQN, DDQN, and DDPG), one graph-based baseline (GCN+DDQN), and one ablation variant (Gr-MiD w/o 
GCN).

	● DQN27: The DQN algorithm is a method that combines Q-learning with neural networks, using the latter to 
learn the Q-value function. In27, the authors proposed a task migration decision algorithm based on DQN to 
effectively reduce network service delay and migration delay.

	● DDQN26: The DDQN algorithm is an improved deep reinforcement learning algorithm that uses dual value 
networks to mitigate overestimation issues. In26, the authors applied DDQN to address task migration decision 
problems in vehicular networks, aiming to minimize total service delay and migration costs.

	● DDPG28: The DDPG algorithm is a method that combines deep learning with policy gradient techniques. In28, 
the authors used DDPG to make rapid migration decisions, focusing on minimizing migration costs related to 
delay and energy consumption.

	● Gr-MiD: The proposed GCN-based deep reinforcement learning algorithm in this paper aims to minimize the 
delay and energy consumption of vehicular task migration in vehicular networks.

	● GCN+DDQN31: GCN+DDQN integrates Graph Convolutional Networks with Double Deep Q-Networks for 
topology-aware offloading decisions in vehicular edge computing. This baseline is included to disentangle the 
contribution of graph-based representations from that of the Actor-Critic framework adopted in Gr-MiD.

Parameter category Parameter name Value
Neural network architecture Actor network input dimensions 18 (15 + 3)

Actor network hidden layers 3 × 256
Actor network output dimensions 2
Critic network input dimensions 18 (15 + 3)
Critic network hidden layers 3 × 256
Critic network output dimensions 1

GCN configuration GCN layers 2
Initial node feature dimensions 3
Convolutional kernel dimensions 256 → 256
Readout Projection dimension (d) 15

Training hyperparameters Learning Rate (Actor) 0.001
Learning Rate (Critic) 0.005
Discount Factor (𝛾𝛾) 0.9

Environment parameters Number of MEC servers 5
Vehicle count range 10–40
Tasks per vehicle 10
Scheduling interval (𝛥𝛥𝑡𝑡) 0.2 s
Per-task Latency Reference (𝑇𝑇ref) 1.5 s
Per-task energy reference (𝐸𝐸ref) 60 J
MEC server CPU range 15–35 GHz

Table 2  Model training 
parameters.
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	● Gr-MiD w/o GCN: Gr-MiD w/o GCN is an ablation variant of the proposed algorithm in which the GCN 
feature extractor is replaced by a parameter-equivalent MLP that processes the raw concatenated node feature 
vector directly, with all other components held constant, in order to isolate the contribution of graph-structured 
neighborhood aggregation.

Additionally, the latency and energy comparisons in Figs. 4, 5, 6 use paired t-tests with Bonferroni correction for 
the three pre-specified baseline comparisons (𝑘𝑘 𝑘 𝑘). The converged-reward comparisons in Fig. 3 use Wilcoxon 
signed-rank tests with correction for five comparisons (𝑘𝑘 𝑘 𝑘). Effect sizes are reported using Cohen’s d to assess 
practical significance.

Figure 3 presents the training convergence curves of all compared algorithms over 1,000 episodes (30 inde-
pendent trials, smoothed with a 50-episode sliding window), with statistical summaries computed over the final 
100 episodes. Defining the positive normalized cost as 𝐶𝐶 𝐶 𝐶𝐶𝐶, Gr-MiD reduces the converged normalized cost 
relative to DQN, DDQN, DDPG, GCN+DDQN31, and Gr-MiD w/o GCN by 10.25%, 5.91%, 4.70%, 4.18%, and 2.31%
, respectively (all Bonferroni-adjusted 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝, Wilcoxon signed-rank test; 𝑑𝑑 𝑑 𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑). The larger 
effect sizes over DQN, DDQN, and DDPG support the advantage of on-policy Actor-Critic updates under non-
stationary migration dynamics. Gr-MiD w/o GCN converges to a higher reward than GCN+DDQN, while the 
complete Gr-MiD model achieves the best performance. This pattern indicates that both the Actor-Critic update 
and the GCN representation contribute to the final result under the evaluated setting.

Figure 4 compares the average task delay of different algorithms as the number of vehicles changes. As illus-
trated, with an increase in the number of vehicles, the available communication and computing resources on each 
MEC server decrease, leading to an increase in average delay. When the number of vehicles is low, MEC servers 
can allocate sufficient computing resources to each vehicle device, resulting in minimal performance differences 
among the various methods. However, as the number of vehicles increases and task migration decisions become 
more critical, the proposed Gr-MiD method, which comprehensively considers bandwidth resources and the state 
of neighboring MEC servers, can better address load balancing among MEC servers. Consequently, Gr-MiD 
achieves improved performance. Specifically, when the number of vehicles reaches 40, the Gr-MiD method pro-
vides a delay performance improvement of 8.04%, 5.58%, and 3.20% compared to the DQN, DDQN, and DDPG 
algorithms, respectively. Paired t-tests across 30 simulation runs confirm statistical significance: Gr-MiD vs. 

Fig. 5  Comparison of average task energy with different 
algorithms and ablation baseline (Gr-MiD w/o GCN).

 

Fig. 4  Comparison of average task latency with different 
algorithms and ablation baseline (Gr-MiD w/o GCN).
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DQN (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), vs. DDQN (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), and vs. DDPG (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), all remaining significant after Bonferroni cor-
rection. The ablation baseline Gr-MiD w/o GCN, which replaces the GCN module with a parameter-equivalent 
MLP while keeping the Actor-Critic framework intact, consistently falls between Gr-MiD and DDPG. At 10 
vehicles, its latency is nearly identical to Gr-MiD (0.6890 s vs. 0.6880 s), indicating that GCN provides marginal 
gain under light load. As the vehicle count grows to 40, the gap between Gr-MiD and Gr-MiD w/o GCN widens 
to 2.08%, while Gr-MiD w/o GCN still outperforms DDPG by 1.14%, isolating the respective contributions of 
the Actor-Critic framework and the GCN topology encoder to the overall performance gain.

Figure 5 compares the average task energy consumption of different algorithms as the number of vehicles var-
ies. As shown, with an increase in the number of vehicles, the Gr-MiD strategy demonstrates better performance. 
This is attributed to the algorithm’s incorporation of GCN for network topology feature extraction, allowing it to 
better perceive the network environment. Similar to Fig. 4, the average task energy consumption increases with 
the number of vehicles because more tasks need to be migrated as the vehicle count grows, resulting in higher 
migration energy consumption. When the number of vehicles is low, the differences among the three algorithms 
are not significant. However, as the number of vehicles increases, the Gr-MiD strategy exhibits superior per-
formance. Specifically, with 40 vehicles, the Gr-MiD strategy reduces the average task energy consumption by 
approximately 15.82%, 10.09%, and 6.36% compared to the DQN, DDQN, and DDPG strategies, respectively. 
Statistical validation through paired t-tests confirms these energy reductions are significant: Gr-MiD vs. DQN 
(𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), vs. DDQN (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), and vs. DDPG (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), with all comparisons remaining significant after Bon-
ferroni correction. A consistent pattern is observed for energy consumption. The gap between Gr-MiD and Gr-
MiD w/o GCN grows from negligible at 10 vehicles to 2.79% at 40 vehicles, while Gr-MiD w/o GCN reduces 
energy consumption by 3.67% compared to DDPG at the same load. This monotonically increasing divergence 
confirms that the GCN’s multi-hop neighborhood aggregation becomes increasingly critical for energy-efficient 
migration decisions as network topology complexity grows, and that the Actor-Critic framework itself contrib-
utes an independent, non-trivial performance gain over value-based methods.

Figure 6 illustrates the impact of MEC server computing resources on the average task latency of different 
migration decision algorithms. It is important to note that in this experiment, the number of vehicles is fixed 
at 20. As shown in Fig. 6, the average task latency for all strategies decreases with the increase in MEC server 
computing resources. This trend occurs because enhanced computing capabilities of MEC servers reduce the task 
processing delay. When the computing power of MEC servers is limited, the Gr-MiD strategy can reduce task 
latency by making appropriate migration decisions, thanks to its comprehensive perception of the entire edge 
network. As the computing resources of edge servers improve, the differences between the strategies gradually 
diminish because the impact of migration strategies on the overall system latency becomes smaller. Specifically, 
when the MEC server computing resources are 15 GHz, the Gr-MiD strategy provides approximately 9.13%, 

Fig. 6  Impact of MEC server computing resources on aver-
age latency of tasks with different algorithms.
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5.76%, and 3.79% performance improvement in comparison to the DQN, DDQN, and DDPG strategies, respec-
tively. Statistical validation confirms these improvements are significant: Gr-MiD vs. DQN (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), vs. DDQN 
(𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), and vs. DDPG (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), with all comparisons remaining significant after correction.

Figure 7 reports the latency–energy trade-off for 𝜀𝜀1 ∈ {0.01, 0.10, 0.20, … , 0.90, 0.99} with 𝜀𝜀2 = 1 − 𝜀𝜀1. For each weight 
pair, a separate Gr-MiD policy is trained from scratch using the same 1,000-episode protocol, random seeds, 
network architecture, and hyperparameters; the plotted latency and energy are evaluated using the converged 
policy corresponding to that weight pair. The weights are not changed only at inference time. The number of 
vehicles is fixed at 30 and each point is averaged over 30 independent trials. As 𝜀𝜀1 increases, the learned policy 
assigns greater importance to normalized latency and correspondingly less importance to normalized energy. This 
produces the monotonic latency–energy trade-off shown in the figure and confirms that the normalized reward 
is well-conditioned across the tested preference range. The balanced operating point near 𝜀𝜀1 = 0.5 is used as the 
default configuration in the remaining experiments.

While the delay gain of Gr-MiD over DDPG is 3.20% at 40 vehicles, this is a comparatively modest improve-
ment under the default experimental setting. As shown in Fig. 6, when MEC computing resources are constrained 
to 15 GHz, the improvement over DDPG increases to 3.79%. In the corresponding energy evaluation at 40 vehi-
cles, Gr-MiD achieves a 6.36% reduction over DDPG (Fig. 5). In a separate migration-count evaluation, the Gr-
MiD-based IMD scheme reduces migration counts by 36.89% compared with FAM (Fig. 10). The GCN inference 
latency averages 0.8 ms, while the complete decision pipeline averages 2.1 ms, corresponding to approximately 
1.05% of the 200 ms decision window and confirming a favorable performance–overhead trade-off.

Performance comparison between different migration schemes

To validate the effectiveness of the proposed migration method, this study compares four schemes: three compari-
son heuristics and one the proposed method, they are described as follows:

	● Full Active Migration (FAM) : In this scheme, service instances on the MEC servers will always migrate to the 
MEC server closest to the vehicle device to provide computing services.

	● Full Passive Migration (FPM) : In this scheme, service instances on the MEC servers will always remain on the 
original MEC server without proactive migration, until the latency fails to meet the requirements.

	● Partial Active Migration (PAM): In this scheme, service instances on the MEC servers will randomly adopt the 
active migration scheme with a probability of 50%.

	● Intelligent Migration Decision (IMD): it is our proposed method, in this scheme, the Gr-MiD model on the 
MEC controller makes comprehensive migration decisions based on the features of edge nodes, communication 

Fig. 7  Sensitivity analysis of latency-energy trade-off in Gr-
MiD algorithm.
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links, and vehicle tasks.Rationality of Synthetic Data: The data distribution is based on typical scenario as-
sumptions for edge computing in IoV (19,26,27). The parameter ranges refer to real - vehicle tasks (e.g., data 
processing requirements for autonomous driving sensors, as detailed in1,3).

	● Dynamic Simulation: Vehicle movement trajectories are randomly generated using the Gaussian–Markov 
model to trigger handovers between RSU coverage areas and dynamic changes in the server-load and link-
state features; the physical RSU adjacency changes only under explicit infrastructure events. Each simulation 
includes 5000 time steps. Within each time step, vehicles may move to the coverage of different RSUs, trig-
gering migration decisions.

The average task delay of different migration schemes as a function of the number of vehicles is shown in Fig. 8. 
As the number of vehicles increases, the average task delay for all migration schemes also increases. This is due 
to the increased number of tasks that the MEC servers need to handle as the number of vehicles grows, leading to 
increased queuing delays. When the number of vehicles is low, the FPM scheme consistently has a lower delay 
compared to the FAM and PAM schemes. This is because the MEC server resources are sufficient and the number 
of tasks to be migrated is small, so there is no migration delay in the FPM scheme. However, as the number of 
vehicles increases, the FPM scheme faces issues such as MEC server overload and load imbalance, causing its 
average task delay to eventually exceed that of the PAM scheme. According to the results, when the number of 
vehicles reaches 40, the proposed IMD scheme achieves approximately 20.78%, 11.28%, and 15.09% perfor-
mance improvements compared to the FAM, PAM, and FPM schemes, respectively.

Figure 9 compares the energy consumption of different migration schemes as a function of the number of 
vehicles. As shown in the figure, the average energy consumption of tasks increases with the number of vehicles. 
This is because, with the increase in vehicle numbers, the load on MEC servers intensifies, leading to a greater 
number of tasks that need to be migrated, resulting in higher migration or transmission energy consumption. 
When the number of vehicles is low, the performance of the FPM strategy and the IMD strategy is similar. This 
is because, with fewer vehicles, MEC servers have sufficient computational resources and the number of tasks 
needing migration is small. Consequently, FPM incurs no migration energy costs, leading to minimal differ-
ences in energy consumption. However, as the number of vehicles increases, the advantages of the IMD scheme 
become more pronounced. Specifically, when the number of vehicles reaches 40, the IMD scheme achieves 
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approximately 19.69%, 17.13%, and 8.59% performance improvements compared to the FAM, PAM, and FPM 
schemes, respectively.

Figure 10 shows the comparison of task migration counts under different numbers of vehicles. As depicted, the 
task migration counts for the FAM, PAM, and IMD schemes all increase with the number of vehicles. Notably, 
for the FAM scheme, the task migration count saturates near the preset maximum threshold when the number of 
vehicles reaches 25. This is due to the communication resource constraints of the MEC servers, where a maxi-
mum migration threshold was set in this simulation experiment for the FAM scheme. As the number of vehicles 
increases, the IMD scheme shows a greater advantage. Specifically, when the number of vehicles reaches 40, the 
IMD scheme reduces the migration count by 36.89% compared to the FAM scheme and by 19.70% compared to 
the PAM scheme.

Conclusion

In this paper, we investigate the vehicle task migration decision problem in the dynamic IoV-MEC scenario, 
which is characterized by real-time changes in vehicle locations, server loads, link-state features, and resource 
environments over a physical RSU graph. Specifically, we first model the vehicle task migration decision prob-
lem in the IoV-MEC network as a multi-objective optimization problem, aiming to minimize the migration cost, 
which is composed of task migration delay and energy consumption. To address the challenge of time-varying 
network states and resource environments in vehicular networks, we use a Graph Convolutional Network (GCN) 
to extract features of network topology and edge node resources. Then, we employ Deep Reinforcement Learning 
(DRL) to make task migration decisions, considering both network and task features, in order to optimize task 
migration delay and energy consumption. The simulation results demonstrate that the proposed Gr-MiD algo-
rithm significantly outperforms existing baseline algorithms in the evaluated small synthetic intra-zone IoV-MEC 
setting. Specifically, under peak-load conditions (40 vehicles, averaged over 30 independent trials), Gr-MiD 
achieves an 8.04% reduction in average task delay and a 15.82% reduction in average task energy consump-
tion compared to the DQN baseline. Furthermore, the intelligent migration decision scheme achieves a 20.78% 
reduction in average task latency and reduces migration counts by 36.89% compared to conventional full active 
migration.
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The current evaluation also has three limitations that motivate these extensions: empirical validation is con-
fined to a single zone of 𝐾𝐾𝐾𝐾 servers; mobility traces are synthetically generated rather than drawn from real-
world datasets; and radio resource parameters are treated as fixed environmental constants.

Future work will explore graph attention mechanisms (e.g., GAT) to enable adaptive neighbor weighting under 
highly dynamic link-quality conditions. Additionally, three further extensions are planned: refining the migration 
cost model with dynamic container image size estimation; generalizing the framework to multi-RAT environ-
ments where vehicles access RSUs via heterogeneous technologies such as DSRC, C-V2X, and 5G NR; and 
exploring integration with 6G AI-RAN architectures to enable AI-native cross-layer migration orchestration.
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