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Abstract—Mobile Edge Computing (MEC) offers low-latency and high-bandwidth support for Internet-of-Vehicles (loV) applications.
However, due to high vehicle mobility and finite communication coverage of base stations, it is hard to maintain uninterrupted and
high-quality services without proper service migration among MEC servers. Existing solutions commonly rely on prior knowledge
and rarely consider efficient resource allocation during the service migration process, making it hard to reach optimal performance
in dynamic loV environments. To address these important challenges, we propose SR-CL, a novel mobility-aware seamless Service
migration and Resource allocation framework via Convex-optimization-enabled deep reinforcement Learning in multi-edge loV systems.
First, we decouple the Mixed Integer Nonlinear Programming (MINLP) problem of service migration and resource allocation into two
sub-problems. Next, we design a new actor-critic-based asynchronous-update deep reinforcement learning method to handle service
migration, where the delayed-update actor makes migration decisions and the one-step-update critic evaluates the decisions to guide
the policy update. Notably, we theoretically derive the optimal resource allocation with convex optimization for each MEC server,
thereby further improving system performance. Using the real-world datasets of vehicle trajectories and testbed, extensive experiments
are conducted to verify the effectiveness of the proposed SR-CL. Compared to benchmark methods, the SR-CL achieves superior

convergence and delay performance under various scenarios.

Index Terms—Mobile Edge Computing, Internet-of-Vehicles, service migration, deep reinforcement learning, convex optimization.

1 INTRODUCTION

W ITH the fast development of 5G techniques, Internet-
of-Vehicles (IoV) has become a new module in smart
cities. Equipped with intelligent sensors and components,
vehicles are capable of hosting various applications such as
automatic driving, image recognition, and path planning [1].
However, the real-time demands of IoV applications pose
significant challenges for onboard processors with limited
computational capabilities [2]. Although Cloud Computing
(CC) allows offloading tasks to the remote cloud for process-
ing, the excessive delay caused by long distance is inevitable
[3]. To relieve this issue, the emerging Mobile Edge Comput-
ing (MEC) offers low-latency and high-bandwidth services
by deploying resources at the network edge [4]. Through
combining MEC and IoV, a new computing architecture has
emerged to enable efficient interconnection and real-time
data exchange between vehicles and road infrastructures
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[5]. A typical MEC-enabled IoV system usually considers an
area covered by multiple Base Stations (BSs), and vehicles
can offload their applications’ tasks to nearby MEC servers
that are collocated with BSs, where virtualization is deemed
as a key technique to conduct resource management [6].
When vehicles offload tasks, MEC servers create dedicated
service instances via virtualization techniques for the vehi-
cles and allocate proper resources to them [7]. The service
instances encapsulate the runtime data and user context in-
formation, which offer fine computing services for vehicles
while ensuring resource isolation.

Considering the high mobility of vehicles and finite
communication coverage of BSs, it is challenging for a single
MEC server to provide seamless services to a vehicle with-
out multi-edge cooperation, which may seriously degrade
the Quality-of-Service (QoS) [8]. To guarantee high QoS, the
service instances created by MEC servers are expected to be
properly migrated along with the mobility of vehicles [9].
The performance of service migration depends on multiple
factors including vehicle mobility, attribute of offloaded
tasks, and available MEC resources. An improper migration
strategy might cause excessive task response delay and
degraded QoS. Commonly, the process of service migration
in multi-edge IoV systems can be regarded as a long-term
decision-making problem. The current migration decisions
might affect future system performance, and thus it is
challenging to optimize the long-term performance without
foreknowing the potential mobility of vehicles. Moreover,
there might exist mutual influence among the migration
decisions of different vehicles, making it extremely hard to
simultaneously optimize service migration for all vehicles
with the concern of minimizing system delay.
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Following migration decisions, service instances of vehi-
cles will be migrated to target MEC servers for processing
tasks. Compared to the remote cloud, MEC servers own
limited computational resources, and the continuous influx
of tasks commonly imposes various resource demands.
Therefore, it is necessary to allocate suitable resources to ser-
vice instances on resource-constrained MEC servers. Most
of the existing studies [10], [11] did not well consider op-
timizing resource allocation when they dealt with service
migration, which seriously hindered the improvement of
system performance. Few studies [12], [13] investigated the
joint optimization of service migration and resource alloca-
tion, regarded as a Mixed Integer Nonlinear Programming
(MINLP) problem. These studies typically adopted classic
optimization theories, which usually required numerous it-
erations and caused excessive overheads. Meanwhile, when
facing complex and dynamic multi-edge IoV systems, they
did not well consider future vehicle mobility and thus they
easily fell into the local optimum. As an emerging tech-
nique, Deep Reinforcement Learning (DRL) [14] is deemed
a promising method for handling this problem. Through
interactive learning with the environment, the DRL agent
can gradually adjust the policy to maximize long-term cu-
mulative rewards. Most of the existing studies [15], [16], [17]
adopted the value-based DRL, which learned deterministic
policies by selecting actions with the maximum Q-value.
However, the huge decision-making space in multi-edge
IoV systems may result in low learning efficiency and even
training failure. In contrast, the policy-based DRL [18], [19]
can handle the large action space by directly outputting the
probability distribution of actions, but high variance may
happen when estimating the policy gradient. Moreover, they
reveal limited capability to explore continuous action space,
and thus the policy may easily fall into the local optimal.

To address the above important challenges, we pro-
pose SR-CL, a novel mobility-aware seamless Service mi-
gration and Resource allocation framework via Convex-
optimization-enabled deep reinforcement Learning in multi-
edge IoV systems. The SR-CL introduces an effective prob-
lem decoupling to relieve the limitations of classic DRL on
exploring the high-dimensional space of continuous actions.
By leveraging the convex optimization theory, the optimal
resource allocation can be obtained and then embedded into
the DRL model, thereby significantly reducing the dimen-
sion of the action space in the original problem. Moreover,
a new asynchronous update mechanism is developed to
further alleviate the training fluctuations when exploring
the optimal policy. The main contributions of this work are
summarized as follows.

o We design a unified model for service migration and
resource allocation in complex and dynamic multi-
edge IoV systems. First, the long-term QoS is set as
the optimization objective that consists of migration,
communication, and computation delays. Next, two
sub-problems including service migration and resource
allocation of the original MINLP problem are decou-
pled and formulated, respectively.

o For the sub-problem of service migration, we propose
a new actor-critic-based DRL method with the asyn-
chronous update to explore the optimal policy. Specifi-
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cally, the actor with a delayed update makes migration
decisions based on system states, while the critic with
a one-step update evaluates the decisions and offers
accurate guidance for updating the actor.

o For the sub-problem of resource allocation, we develop
a customized convex-optimization-based method. First,
we prove that the sub-problem is a convex program-
ming problem by using the Hessian matrix with con-
straints. Next, based on the convex optimization the-
ory, we define the generalized Lagrange function and
Karush-Kuhn-Tucker (KKT) conditions. Finally, we the-
oretically derive the optimal resource allocation for
each MEC server under given migration decisions.

o Using the real-world datasets of vehicle trajectories in
Rome City and testbed, we conduct extensive exper-
iments to validate the effectiveness of the proposed
SR-CL. We focus on the area of the city center with
multiple complex mobility patterns of vehicles, mak-
ing the experiments more practical. The results show
that the SR-CL can always obtain better convergence
and delay performance than other benchmark methods
under different scenarios.

The rest of this paper is organized as follows. Section 2
reviews the related work. Section 3 describes the model and
formulates the problem. Section 4 details the proposed SR-
CL. Section 5 conducts the performance evaluation. Section
6 concludes this paper.

2 RELATED WORK

The problems of service migration and resource allocation
in MEC have garnered considerable research attention while
many scholars have made contributions. In this section, we
review and analyze the related studies.

2.1 Service Migration

Network interruption, signal attenuation, and service insta-
bility may happen when users or vehicles move, leading
to degraded QoS. To relieve this issue, the emerging tech-
nique of service migration is expected to maintain service
continuity and data integrity. Velrajan et al. [10] designed
a closed-loop particle swarm optimization approach for
service migration, considering QoS, resource utilization, and
application characteristics. Ouyang et al. [11] divided the
service placement into a series of sub-problems and ad-
dressed them via Lyapunov optimization theory under con-
straints of the long-term budget. Liang et al. [12] relied on
an optimal iterative scheme to deal with the integer-relaxed
issue of service migration in multi-cell MEC. Liu et al. [13]
investigated the joint problem of request assignment and
service migration, aiming to minimize the total response
delay of requests in MEC. Scotece et al. [20] proposed a
data-handoff framework to migrate inference and training
tasks between different edge nodes for reducing accuracy
degradation. Maia et al. [21] proposed an improved Genetic
Algorithm (GA) to cope with the load distribution and
service placement in edge computing. Wang et al. [15] de-
signed a Q-Learning-based approach for solving the online
micro-service migration among edge servers. Zhang et al.
[16] implemented a single-user service migration strategy
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based on Deep Q-Network (DQN) to reduce migration costs
and ensure QoS. Peng et al. [17] developed a DQN-based
service migration method to reconcile QoS and migration
overheads. Zhang et al. [22] proposed a DQN-based ser-
vice migration approach with the consideration of network
status and user mobility. Labriji et al. [23] designed a
proactive real-time migration method to migrate computing
services in vehicular networks, which integrated a mobility
prediction algorithm based on neural networks and Markov
chains with a Lyapunov-based online optimizer. Perin et al.
[24] developed a resource scheduler that incorporated a
dual-layer optimization mechanism to reduce the carbon
footprint of edge networks while ensuring QoS.

In general, most of the existing studies handled service
migration by using classic optimization theories or heuris-
tics. The optimization theories usually require numerous
iterations, resulting in high system costs. The heuristics
commonly rely on expert experiences, which limits their
applicability and causes excessive rule-setting overheads.
Moreover, due to the complexity and dynamics of multi-
edge IoV environments, the above methods might tend
to fall into the local optimum. Some studies adopted the
value-based DRL for service migration, exhibiting good
performance with small action space. Nevertheless, as the
action space grows explosively, they cannot collect sufficient
training samples to learn an accurate value function, caus-
ing unstable learning processes and unsatisfying migration
results. Although few studies [18], [19] can better handle this
problem by using the policy-based DRL to directly output
the probability distribution of actions, a high variance may
occur when estimating the policy gradient. This problem
is caused by policy parameterization and environment dy-
namics, significantly degrading the stability and efficiency
of the learning process. Moreover, most of these studies
did not conduct further optimization for resource allocation,
which seriously restrained the performance enhancement of
service migration.

2.2 Resource Allocation

In MEC systems, end devices can offload application tasks
to nearby MEC servers for processing, alleviating their ca-
pacity constraints. However, compared to the remote cloud,
MEC servers own fewer resources while facing a continuous
influx of tasks with various demands, and thus it is nec-
essary to design proper strategies for resource allocation.
Su et al. [25] proposed two computation offloading and
resource allocation methods by combining the weighted
minimum Mean Squared Error (MSE) algorithm, quadratic
transformation, and difference of convex functions algo-
rithm. Du et al. [26] designed a sub-optimal strategy for
computation offloading and resource allocation in hybrid
fog/cloud systems. Deng et al. [27] proposed an approx-
imate optimization method for resource allocation to bal-
ance delay and power consumption. Li et al. [28] inves-
tigated the joint problem of computation offloading and
resource allocation in multi-edge scenarios and designed
a sub-optimal iterative scheme based on alternating and
convex optimization, aiming to reduce energy consumption
under various constraints. Josilo et al. [29] proposed a
decentralized equilibrium calculation approach for resource

allocation to reduce task completion delay in edge systems.
Huang et al. [30] designed an online DRL-based resource
allocation framework to maximize the computation rate
with constraints of energy consumption. Zhou et al. [31]
developed an improved DRL-based computation offload-
ing and resource allocation method to reduce the energy
consumption of MEC systems with delay constraints. Seid
et al. [32] designed a model-free DRL-based method for
resource allocation to minimize task execution delay and
energy consumption in multi-UAV networks.

Generally, the above studies targeted the problem of
resource allocation or computation offloading in MEC, but
they did not well consider the mobility of users or vehicles
during the decision-making process. In real-world scenarios,
the geographic locations of users or vehicles may change fre-
quently, posing significant challenges in maintaining high-
quality and seamless services. In this regard, service in-
stances are expected to be dynamically migrated according
to the mobility of users or vehicles, leading to time-varying
numbers of service instances and fluctuating workloads on
different MEC servers. Under such dynamic and complex
scenarios, it is extremely challenging to allocate proper
resources to service instances on MEC servers, which will
severely affect the performance of service migration.

To the best of our knowledge, this is the first of its
kind to propose a mobility-aware framework that integrates
DRL with convex optimization theory for addressing the
joint problem of seamless service migration and resource
allocation in multi-edge IoV systems.

3 SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, the proposed multi-edge IoV system
consists of a MEC controller, M BSs, and U Intelligent
Vehicles (IVs). Each BS is equipped with a MEC server,
named edge node. The set of edge nodes is denoted as
F = {f1, fo, s fm, -y far }, and the set of IVs is denoted
asZV = {IV;,IVy, ..., 1V, .. IVy }. In the proposed system,
1V, first sends a task to its service instance via the 5G
network, and the BS forwards the task to the MEC server
that locates the service instance. Next, the MEC server
processes the task and returns results. During this process,
the switch gathers and transmits information to the MEC
controller (where the DRL agent is located), which gener-
ates migration decisions according to the mobility of IVs,
ensuring seamless and high-quality services.

Specifically, the proposed system is running in discrete
time slots, and locations of I'V,, may change at the beginning
of each time slot ¢, where ¢t € {0,1,2,...,T}. Meanwhile,
the intelligent application on I'V,, generates a computation-
intensive task at each time slot, denoted by T'ask,, ;. Due to
the limited computational capability of IV,,, these tasks are
continuously offloaded to the MEC server for processing.
At the first time slot, I'V,, accesses the system via its nearest
BS and creates a service instance on the associated MEC
server. In subsequent time slots, this service instance offers
computing services to IV,,. The moving I'V,, connects to the
nearest edge node and sends tasks. Due to the high mobility
of vehicles, IV,, may drive out of the communication cov-
erage of the current edge node. Thus, the connection will
be interrupted and IV, will reconnect to the nearest edge
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Fig. 1. The proposed multi-edge loV system.

node. The tasks from IVs are processed by their own service
instances, which run in parallel and consume part of the
computational resources on MEC servers.

At the time slot ¢, the edge node connected to IV, is
denoted as fi1<i<ar) € F, and the edge node that locates
the service instance of IV, is denoted as f;1<;j<m) € F.
Meanwhile, edge nodes are inter-connected via stable back-
haul links. In the case that IV, disconnects to f}, its task can
still be transmitted to f; via the backhaul link, but this may
cause extra communication delay. This extra delay can be
avoided if the service instance moves to f;, but the migra-
tion of service data also leads to migration delay. Therefore,
it is tough to reduce these delays effectively while ensuring
QoS by determining the suitable time and destination of
service migration. Moreover, when a service instance is
migrated to an edge node, proper resources should also be
allocated to reduce task computation delay. With the above
concerns, we formulate the joint optimization problem of
service migration and resource allocation with the objective
of reducing system delays including migration, communi-
cation, and computation delays.

3.1 Migration Model

We define f.<.<ay) € F as the edge node that locates
the service instance of IV, at the time slot ¢-1 and z, €
{1,2,..., M} as the migration decision of I'V,, at the time
slot ¢, and thus f; is determined by z,; (ie, j = Xyz).
The set of migration decisions of all IVs at the time slot ¢ is
denoted as X; = {x,,+|IV,, € IV}. Moreover, we use J,,* to
measure the hop distance between f. and f;. If ¢ = j,then

wr = 0, indicating that no service migration happens at the
current time slot. Otherwise, the service instance of IV, will
be migrated from f. to f;, and the migration delay occurs.
Such delay is commonly caused by service interruption and

grows with the increasing service data amount and hop
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distance. Therefore, the migration delay is a monotonic non-
decreasing function with respect to 8,7, and it is defined as

MT % Oy = )
u,t = Su.t c,j c,j s
St ¥y, 0y #0

where S, ¢ is the amount of service data, x is the bandwidth
of the backhaul link, and Y is the unit migration delay
coefficient that indicates the migration delay per hop.

3.2 Communication Model

After service migration, IV, will offload Task,; to its
service instance on f; for processing, and the communica-
tion delay occurs, which consists of the data transmission
delay between IV, and f; and the data transmission delay
between f; and f; on the backhaul link. The Signal-to-Noise
Ratio (SNR) between IV,, and f; is defined as

P,a

SNRy = — 4%
Yt 02| Leny, 4|2’

2)
where P, is the transmission power of IV, « is the channel
gain per unit distance, Len,, ; is the distance between IV,
and f;, and o2 is the Gaussian noise.

Next, the total bandwidth of a BS is denoted as B, and
the Orthogonal Frequency Division Multiplexing (OFDM)
is used to equally distribute B to vehicles at each time slot.
Thus, the data transmission delay of I'V,, is defined as

Du,t
Bytlogy(1+SNR, ;)

where B, ; indicates the available bandwidth of IV, and
D, is the data amount of T'ask,, ;.

If ¢ # j, Task, ; will be transmitted on the backhaul link.
The data transmission delay on the backhaul link depends
on D, and the hop distance between f; and f;. Similar to
Eq. (1), we use qu”t to measure the hop distance. Since the
data amount of task results is small, the downloading delay
is negligible. Thus, the transmission delay on the backhaul
link is defined as

0 ¢ =0
ST.: =1 b, i e
- { Dot gy 0 £0
where p" is the unit transmission delay coefficient that

indicates the transmission delay per hop.
Therefore, the communication delay is defined as

HTu,t = PT’u,t + STu,t- (5)

PTuﬂf = (3)

(4)

3.3 Computation Model

When Task,: is offloaded to f;, the MEC server will
allocate computational resources to the service instance for
processing it. The CPU cycles required to process T'ask,,
are defined as

Ku,t = Du,tCu,h (6)

where C,,; is the computational density of Task, ; that
indicates the CPU cycles for processing one-bit task data.
The maximum computational capability (i.e., CPU fre-
quency) of a MEC server is denoted as F, the proportion of
computational resources allocated to the service instance of
1V, is denoted as e, ¢+, and the set of allocation decisions of
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all IVs at time slot ¢ is denoted as & = {e,|IV, € ZV}.
Therefore, the computation delay is defined as

Ku,t

CT,: = .
u,t eu,tF

@)

3.4 Problem Formulation

Under the decision sets of service migration &} and resource
allocation &;, we define the total delay of the proposed
multi-edge IoV system as follows including migration, com-
munication, and computation delays.

G(X, &)= > (MTus+HTui+CTuy). (8
IV, €LV

Within T time slots, we aim to minimize the long-term
system delays and guarantee seamless service provisioning.
Thus, the MINLP optimization problem is formulated as

T
Pl : mi X,
Inip ;g( t5 Et)

st. Cl:zy,€{l,2,..,.M},teT, IV, €IV, )
C2:e,,€0,1,t €T, IV, €IV,

C3: > ewt<LteT, fn€F,
IV, €IV,

where the IVs that migrate their service instances to the
edge node f,, are denoted as the set ZV,,. C1 indicates
the constraint of a migration decision. C2 indicates the
constraint of the resource proportion allocated to a service
instance. A service instance can only run on a single edge
node in each time slot. C3 indicates the constraint of the
proportion sum of the computational resources allocated to
service instances hosted on the edge node f,,.

Lemma 1. P1 is an NP-hard problem.

Proof. For clarity, we introduce the Knapsack Problem
(KP) that is proved to be NP-hard. In KP, there is a backpack
with the capacity of W and G items, denoted by the set
B = {b1,bs, ..., by, ...,bc}. The aim of solving KP is to find
an item sub-set B’ C B that can maximize the total value of
the items in the backpack. Thus, the KP is defined as

s.t. Z wg < W.

byeB’

(10)

where wy and v, are the weight and value of item b,.

Next, we consider a specific example of P1. At the
time slot ¢, there are U IVs and M edge nodes. IVs are
moving and the computational resources of edge nodes are
limited, thus it is necessary to migrate service instances
among edge nodes. After service migration, IV, can of-
fload its task to the service instance for processing. The
total computational resources of MEC servers is denoted
as Farr, and the total delay is redefined as AT, ;, where
AT, = —(MT,; + HT, + + CT, ). Therefore, the opti-
mization problem in this example can be described as

max AT, ; = max —G(X;, &
X, £ u,t X obr g( 1 t)
IV, €TV
(11)
s.t. Z eutt' < Farr.
IV, €TV

Through the above analysis, we prove that this example
of P1 is a KP and NP-hard. Further, P1 considers the long-
term system optimization and requires problem stacking of
this example over multiple time slots. Therefore, P1 is an
NP-hard problem.

3.5 Problem Decoupling

Notably, service migration and resource allocation belong to
two dimensions of P1. Service migration focuses on service
instances within the regional scope, while resource alloca-
tion is specific to service instances on a single edge node,
posing challenges in finding a unified strategy. Considering
the distinction of decision-making types between service
migration and resource allocation, inspired by [33], we have
discovered that by fixing the migration decisions A}, P1
can be decoupled into multiple sub-problems with sep-
arate optimization objectives and constraints. Specifically,
we employ the Tammer decoupling method [34], which
can promise the optimality of the solution, to decouple
the highly complex P1 into two sub-problems with lower
complexity. First, we rewrite P1 as

T
II)lgtn; <n‘gng (X, St)) s.t. C1 — C3. (12)

It can be observed that the three constraints in Eq.
(12) regarding &; and &, are decoupled. Therefore, we can
decouple P1 into two sub-problems as follows.

e P2: Minimize long-term system delays by optimizing
service migration. This sub-problem is defined as

T
P2 : n)l(inz G* (&) s.t. C1. (13)

=0
e P3: Minimize the computation delay under the given
migration decisions by optimizing resource allocation.
This sub-problem is defined as

Once A&; is determined, ° v, cry (MTou ¢ + HT, 1)
can be obtained subsequently, and we denote it as Z;.
At this point, we need to optimize & for minimizing
>-1v, ezy CTu,t, which is the objective of P3. It should
be noted that the resource allocation processes on dif-
ferent MEC servers are independent and parallel. Thus,

we can further transform P3 into the following form.

ngng(xt,gt) =T, +min Y CTyy

t

IV, €TV
=7, + n}:m > CT,, (15
fm€F IV, ELIV,,
st. C2-C3.

4 THE PROPOSED SR-CL

To address P2 and P3, we propose a novel mobility-aware
seamless Service migration and Resource allocation frame-
work via Convex-optimization-enabled deep reinforcement
Learning (SR-CL) in multi-edge IoV systems.
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4.1 Service Migration with Improved DRL

Service migration in multi-edge IoV systems is a sequential
decision-making problem that can be modeled as a Markov
Decision Process (MDP). In DRL, the 5-tuple (S, A,P,R,~)
is commonly employed to handle the MDP, where S, A, P,
‘R, and + indicate the state space, action space, state transi-
tion, reward function, and discount factor, respectively. The
policy 7(-|s¢) indicates the action distribution at the state s;.
Given a policy 7, the DRL agent first chooses and executes
an action a; at the state s;. Next, the environment feedbacks
the instant reward r; and steps to the next state s.y;.
Through this interaction process, the DRL agent will obtain
a trajectory T = {St, A, Tty Stp1y Qt1y Ttpls eeeey ST, T, T}
under the policy 7. For this trajectory 7, the discounted
cumulative rewards can be calculated by

T
T—t i—t
o rT:E Y .
i=t

Guided by a policy, multiple trajectories might be gener-
ated, and G1(7) follows a random distribution. The expected
reward is used to evaluate the value of taking a; at s;, and
the state-action value function is defined as

Qﬂ'(staat) = Eﬂ[Gt | S =s5,A= at]
=1t +VEr[Qn(st41,at41) | S =5, A
The goal of DRL is to learn the optimal policy 7* for
maximizing the discounted cumulative reward at any initial

state. The optimal action at each state can be located by the
optimal state-action value function, which is defined as

Gi(T) =re + T4+ + (16)

17)
= at].

Q*(Sfm at) = maXp Qﬂ'(sta at)' (18)

The value-based DRL (e.g.,, DQN) uses Deep Neural
Networks (DNNs) to approximate Q* (s, a;; 0¢g), where 6
indicates DNN parameters, learning a deterministic policy
by selecting the action with maximum Q-value. However,
the huge action space in multi-edge IoV systems seriously
affects learning efficiency. Meanwhile, the value-based DRL
updates the target network by bootstrapping the Q-network,
which is a biased estimation of true action values and may
fall into the local optimum. In contrast, the policy-based
DRL can better handle the huge action space, which selects
actions based on probability distributions. Unless the policy
tends to be deterministic, the probability of selecting good
actions might be small, causing a high variance in estimating
the policy gradient and an unstable training process.

To address these issues, we propose an improved actor-
critic-based DRL with the asynchronous update to explore
the optimal service migration in dynamic multi-edge IoV
systems. As illustrated in Fig. 2, during the optimization
process of service migration, the DRL agent selects the
action a; at the state s; according to the policy 7, and the
environment feedbacks the instant reward r; and transits to
the next state s;11, which can be expressed as an MDP. The
DRL agent then extracts mini-batch samples from the replay
memory for network training. Specifically, the state space,
action space, and reward function are defined as follows.

State space: At the time slot ¢, the state consists of
the information about IVs (including the locations of IVs,
the data amount of tasks, the computational density of
tasks, and the data amount of service data) and the service
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Fig. 2. The proposed improved DRL for service migration.

migration decisions at time slot ¢-1. Therefore, the state is
defined as

St = {Locu,tv Du,t’ Cu,ta Su,t’ Tayt—1 | IVu € IV} .

Action space: At the time slot ¢, the DRL agent takes
an action of service migration a; at s;. For IV,,, its service
instance can be migrated to another edge node. Therefore,
the action is defined as

ay = {xu,t | IVu S IV} .

(19)

(20)

Reward function: The reward is negatively correlated
with long-term system delays including migration, commu-
nication, and computation delays, and it is defined as

re== Y (MTyy+HTup+CTyy).
IV, €TV

21)

The proposed method adopts an actor-critic architecture
and deep deterministic policy gradient to train and optimize
service migration policies in complex and dynamic multi-
edge IoV systems. Specifically, the actor generates actions of
service migration, while the critic evaluates the Q-values
of actions. The critic with one-step update enables fast
convergence and accurately evaluates the actions, which ef-
fectively guides the actor’s update and significantly reduces
the errors when estimating the policy gradient.

The key steps of the proposed method are given in
Algorithm 1. First, we initialize the actor network p, critic
network 1), target actor network fi, target critic network ’(/AJ,
replay memory X, number of training episodes E, and the
maximum time slots per episode 7' (Lines 1~3). For each

Authorized licensed use limited to: The University of Toronto. Downloaded on March 31,2025 at 01:21:00 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMC.2025.3540407

CHEN et al.: MOBILITY-AWARE SEAMLESS SERVICE MIGRATION AND RESOURCE ALLOCATION IN MULTI-EDGE IOV SYSTEMS 7

Algorithm 1: Improved DRL for service migration

Input: Actor network 4, critic network ¢, target
actor network /i, target critic network v, and
the multi-edge IoV system

Output: Well-trained actor network p

1 Initialize: y and + with 6, and 6

2 Initialize: ji and ¢ with 0, < 0, and 0, < 0y

3 Initialize: Replay memory X, training episodes F,
and maximum time slot per episode T’

4 for episode = 1,2, ..., E do

5 | Getinitial state: sp = env.reset();
6 Create service instances on edge nodes;
7 fort=1,2,...,T do
8 Update IVs’ locations and generate service
migration decision a;: ay = p(s: | 0,) +&;
9 Execute service migration decision a;;
10 for each edge node f, € F in parallel do
11 Derive the optimal resource allocation via
convex optimization theory (Section 4.2);
12 end
13 Calculate reward and perform state
transition: 7, $;41 = env.step(ay);
14 Store training sample: X.push(s, at, ¢, St41);
15 Draw N samples from X:
N*(s¢,ap,7¢, 8141) = X.sample(N);
16 Calculate cumulative expected rewards:
Yo =1+ y0(Se41, s [ 0) [ 6) 5
17 Calculate loss function and update critic:
Lossy = %31 (ye — ¥(se a0 | 04))%
18 if t%\ = 0 then
19 Update actor using gradient ascent:
Vo, J = % 31 Va, (s, a1 | )
Vo, (s | 0u)
20 Soft update target network parameters:
Q[L — w@u + (1 - w)Qﬂ,
0, < wby + (1 —w)by;
21 end
22 end
23 end

training episode, IVs create service instances on their nearest
edge nodes (Lines 5~6). For the time slot ¢, the system state
s¢ is input into the actor p, which generates and executes
an action of service migration a;. Specifically, the Gaussian
noise ¢ is introduced to enhance the exploration capability of
the policy in the initial training phase. Meanwhile, to ensure
the stable convergence of the policy in the later training
phase, the variance of £ gradually declines with the increase
of time slots, thereby achieving a balance between explo-
ration and convergence. (Lines 8~9). Next, we derive the
optimal resource allocation for the service instances on each
edge node via convex optimization theory (Lines 10~12),
where the details are given in Section 4.2. Then, we calculate
the reward r; and the system state transits to s, 1 (Line
13). Next, the training sample (s;, a¢, ¢, S¢+1) is stored into
the replay memory X, and we randomly draw N samples
from X to train network parameters (Lines 14~15). Notably,
the correlation of training samples is broken by using the

replay memory, which alleviates the instability that occurs
in the training process. Then, we calculate the cumulative
expected discount rewards by combining the reward r; with
the target critic ¢, and we adopt the Adam optimizer to
minimize the loss of the critic ¢ (Lines 16~17), enabling the
updated critic can better fit in Q*(s;, a;). However, the critic
is prone to instability, which also leads to fluctuations in the
update of the actor. To solve this issue, we design a delayed
update mechanism, where the actor is updated only after the
critic has been updated A times (Lines 18~21). Specifically,
the actor is used to fit a high-dimensional mapping from s;
to a;, whose objective is defined as

J(0) = Eg, [V(se, (st | 0,) | 0)]-

For a given state s;, the actor is updated by adjusting 6,,,
and thus its output p(s; | 8,,) can be updated in an upward
direction according to 1(s¢, pu(s¢ | 0,,) | y) calculated by the
critic. Specifically, the gradient ascent is used to update the
actor, and the network parameters of the target actor and the
target critic are updated via the soft update (Lines 19~20).
In addition, we incorporate gradient clipping during the
network update to enhance model stability.

(22)

4.2 Resource Allocation with Convex Optimization

As aforementioned, P3 is to address the problem of resource
allocation for all MEC servers, where the resource allocation
processes of different MEC servers are independent and
parallel. In this regard, we further separate the problem of
resource allocation for each MEC server from P3, which can
be formulated as

Ku t
P4:min >  CT,y=min Y *
Ot e eIV ot ylezv, Cutt(23)
st. C2-C3.

Therefore, the solution of P3 relies on addressing P4. To
optimize P4, we design a new method based on convex
optimization theory. First, we prove that P4 is a convex
programming problem with the constraints of P4 and Hes-
sian matrix. Next, guided by convex optimization theory,
we define the generalized Lagrange function and solve
the KKT conditions for P4. Finally, we theoretically derive
the optimal resource allocation for each MEC server under
given decisions of service migration.

Lemma 2. P4 is a convex programming problem.

Proof. This lemma can be proved if P4 and its constraints
are both convex functions. It can be observed that C2 and C3
are linearly constrained, reflecting the convexity. Thus, we
only need to prove that P4 is also a convex function.

To clarify the derivation process, we reassign the index
of IV, into Z = {IV},IVs, ..., IV,,...,IV;} and rewrite C2
accordingly. Therefore, Eq. (23) can be redefined as

Yle1t,e2.ts -, €z¢] = min &

€z,t

F
ez 6%t

st. C3: Y ey —1<0,teT, IV, € Z,
IV, eZ

—e, 0,6t T, IV, € Z,

e, —1<0,teT, IV, € Z,

(24)

C4:
C5:
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where C2 is converted into C4 and C5, which indicate the
upper and lower bounds of the proportion of allocated
resources, respectively.

The Hessian matrix is a square matrix that is established
by the second-order partial derivatives of a multivariate
function, which reflects the local curvature of a function.
The Hessian matrix of Eq. (24) is defined as

8%y %y %y
8(6;1)2 361,2362,t 851,128€Z,t
o°y oy oy
Oea 10eq ¢ F) 2 Oea 10ez ¢
H— 2,t0e1t (eg.,t) 2t0ez 1 . (25)
9’y *y R oA
Oez t0er,y  Oegz 0eat d(ez,t)?
where
2R 0, p 21 # 29 26)
- - @@ = 2K . )
88,217,56622715 7(621’;)3}‘, 21 =29’

and VIVZUIVZQ €z, K(.),t > 0 and €(),t > 0.

F'is a non-zero real number. Moreover, the values on the
diagonal of H are all positive, and thus it is a symmetric
positive definite matrix. Based on the above analysis and
convex optimization theory [35], we prove that P4 is a
convex programming problem.

Following the optimality theorem of convex program-
ming, any feasible KKT points can be the global optimum.
Further, the generalized Lagrange function is defined as

L= Z %+ﬁ< Z ez —1)

v.ez &5t IV.€eZ 27)
+ Z nz(_ez,t) + Z Cz(ezﬂt - 1)a
IV, eZ IV, eZ

where 3,1.,(;, IV, € Z are the Lagrange multipliers asso-
ciated with C3, C4, and C5, respectively.

Therefore, the KKT conditions of the redefined P4 in Eq.
(24) can be described as

K¢
~oF T+ =0,

B(ZIVZEZ est—1) =0, vazez ez —1<0,
nz(—ezt) =0,—e. ¢ <0,

Cleze —1)=0,e,, —1<0,
B=>0,m.>0,¢ >0.

(28)

According to the above KKT conditions, the optimal
resource allocation can be derived by

e _ AV Kz,t
g =
: ZIVZEZ vV Kz,t

By using the proposed method, V¢ € T', each MEC server
can obtain optimal resource allocation for service instances
(Lines 10~12 in Algorithm 1), supporting the DRL agent
learning better migration policies.

IV, € Z. (29)

4.3 Complexity Analysis of SR-CL

For each training step of service migration in Algorithm 1, N
samples are extracted from X to train network parameters,
involving forward computation and backward propagation.

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. XX, XX 2024

Referring to [36], the time complexity of a DRL-based al-
gorithm mainly depends on the network structures. Specif-
ically, the actor takes the state s; as input and outputs the
action a;, while the critic takes the concatenated vector of
s¢ and a; as input and outputs the Q-values. We define the
dimensions of s;, a;, and the two hidden layers of neural
networks as D, W, H1, and Hs, respectively. Therefore, the
time complexity of training the actor using a sample is

= O (DH1 + HiHs + HaWV). (30)

Oactor

Similarly, the time complexity of training the critic is

Ocritic = O ((D + W) Hi+H1Ho + ’Hg) . (31)

In Algorithm 1, the critic is updated every time step,
while the actor is updated only after the critic has been
updated A times, where their update frequencies are de-
noted as TE and TE/ )\, respectively. Therefore, the time
complexity of Algorithm 1 can be calculated by

D
Ougent =0 (NTE <(D +W+ )M
(32)

1 w
+(1+ X)Hsz +(1+ )\)H2>>~

For the resource allocation that is performed according to
Eq. (29), its time complexity is O(1). If both service migration
and resource allocation are incorporated into the action
space of DRL, the time complexity will become

/ D
Oagent =0 (NTE <(D +W 4+ Wga + X)Hl

1 W+ W
+(1+ X)”Hﬂ'lz +(1+ —’—)\RA)'HQ>>,

where Wpg 4 is the dimension of resource allocation.

It is noted that the time complexity mainly depends on
the first term in Eq. (33), and this term will grow rapidly
if the action and state spaces become huge. Moreover, the
decision space will become hybrid, and it is impractical to
conduct thorough exploration in a continuous space. The
strict constraints of resource allocation make it challenging
to find satisfactory results, leading to massive invalid explo-
ration and thus diminishing learning efficiency.

Therefore, by combining DRL with convex optimization
theory for addressing the joint problem of service migra-
tion and resource allocation in multi-edge IoV systems, the
proposed SR-CL not only can efficiently reach the optimal
policy but also effectively reduce the exploration complexity.

4.4

As illustrated in Fig. 3, the proposed SR-CL contains five
main components including experience collector, replay
memory, migration decision maker, target policy trainer, and
allocation decision maker. The allocation decision maker is
deployed on each edge node, while the others are deployed
in the MEC controller. Specifically, the experience collector
receives the state and reward information from the environ-
ment (Step 1) and sends the state to the migration decision
maker (Step 2). The migration decision maker consists of

Implementation of SR-CL in Real-world Scenarios
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Fig. 3. Implementation of SR-CL in real-world scenarios.

the online critic and actor, which synchronizes parameters
from the target policy trainer (Step 6) and makes migration
decisions based on the state (Step 3). After executing the
migration decisions, both tasks and service instances are
transmitted to target edge nodes. Meanwhile, the allocation
decision makers on each edge node perform optimization
in parallel to obtain the optimal resource allocation (Step 4).
Next, the experience collector sends the collected experience
samples to the replay memory (Step 5), and then the target
policy trainer periodically extracts samples from the replay
memory for updating policies (Step 7). Therefore, when the
network topology or traffic pattern changes, the proposed
SR-CL can respond to the changes in time and maintain high
generality.

5 PERFORMANCE EVALUATION

In this section, we evaluate and analyze the proposed SR-CL
through extensive simulation and testbed experiments.

5.1 Experiment Setup

Datasets. We evaluate the performance of the proposed SR-
CL using the real-world datasets of vehicle trajectories in
Rome City [37]. The datasets contain the driving data from
320 taxis over 30 days, spanning from February 1st, 2014,
to March 2nd, 2014. Each record includes the unique taxi
ID, timestamp, and trajectory coordinates. As illustrated in
Fig. 4, the scatter points with different colors indicate the
trajectories of different vehicles in cities. By tracking the
vehicle trajectories, we can obtain the sources and locations
of different vehicles’ tasks and then simulate dynamic and
varying vehicle mobility patterns.

Simulation Settings. The simulation experiments are
conducted on a workstation with one 8-core Intel(R)
Xeon(R) Silver 4208 CPU @3.2GHz and 2 NVIDIA GeForce
RTX 3090 GPUs with 32GB RAM. As shown in Fig. 4, we
consider the region enclosed by the coordinate pairs [41.856,
12.442] and [41.928, 12.5387] of the city center as our exper-
iment scenario, which encompasses the complex mobility
patterns of numerous vehicles. To facilitate our analysis, we

Fig. 4. Real-world vehicle trajectories and BS distribution.

scale down this region to 16 km? area served by 16 edge
nodes. The communication coverage of each edge node is 1
km?. The bandwidth of each BS is 20 MHz, and the com-
putational capability of each MEC server is 60 GHz. For the
default experiment settings, we consider a high-connectivity
network topology, where each node can communicate with
its adjacent edge nodes. The traffic load distribution among
edge nodes dynamically changes with migration decisions.
At the initial, there are 100 IVs connected to their nearest
edge nodes, and the MEC servers create service instances
for IVs. An episode consists of 240 time slots, and IVs
continuously send tasks to their service instances at fixed
intervals. Based on Python 3.8 and Pytorch, we build and
train the neural networks in SR-CL, which owns two hidden
layers with 512 and 256 neurons, respectively. Moreover, the
batch size N is 512, the delayed update parameter X is 5,
the soft update parameter w is le-2, the learning rate of the
actor and critic are 1e-5 and 1e-4, the gradient clipping value
is 2.0, the Gaussian noise is ¢ ~ N(0,0.15%), the size of
replay memory is le4, and the discount factor v is 0.95. After
the SR-CL completes training, it can be applied to various
scenarios. Other main parameters are listed in Table 1.

TABLE 1
Settings of simulation parameters

Default value
1(0.4,0.6) W 138
U(0.5,1.5) MB 138

1(200, 1000) cycles/bit [
U(0.5,50) MB (221 [40]
0.2 10713 W [39]

Parameter ‘ ‘

Transmission power, P,

Data amount of each task, D ¢

Computational density, Cw,¢

Data amount of service data, Su,¢

Gaussian noise,

Channel gain per unit distance, 1075 B
Transmission delay coefficient, ,uh 0.3s
Migration delay coefficient, ¥ 1.5s
Network bandwidth, x 500 Mpbs [0

Comparison Methods. We compare the SR-CL with the
following benchmark methods to verify its superiority.

o Always Migrate (AM) [11]: Service instances are always
migrated to the nearest edge nodes along with IVs.
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Fig. 5. Convergence vs. learning rate.

o Never Migrate (NM) [40]: Service instances are always
located at the initial edge nodes.

o Genetic Algorithm (GA) [21]: The reward is defined as the
fitness value, and a heuristic evolutionary algorithm is
used to search for the optimal migration individual.

o Independent Deep Q-Network (IDQN): As an extension of
Independent Q-Learning (IQL) [41], the IDON utilizes
DNNSs to approximate the Q-function. In the experi-
ments, DRL agents are deployed on vehicles that make
migration decisions based on local observations, which
learn deterministic policies and select the actions with
the maximum Q-value. There is no communication
process among different DRL agents.

o Joint optimization of Service migration and Resource alloca-
tion (JSR): To verify the validity of the proposed prob-
lem decoupling, DRL is individually used to optimize
the joint problem of service migration and resource al-
location. In the experiments, it adopts the same network
structure and parameter settings as the SR-CL.

e Deep Deterministic Policy Gradient (DDPG) [18]: As an
advanced DRL, it adopts deterministic policy gradient
and one-step update to optimize migration policies.

In the experiments, all the comparison methods (except
the JSR) allocate resources to service instances in proportion
to task demands. To ensure the fairness of experiments,
scenario settings are consistent for all methods.

5.2 Experiment Results and Analysis
5.2.1 Hyperparameter Tunning of SR-CL

Learning Rate. As depicted in Fig. 5, we evaluate the
convergence of the proposed SR-CL with different learn-
ing rates. It is common practice for the critic to have a
higher learning rate than the actor, enabling the critic to
approximate the Q-value function more accurately. When
the critic’s learning rate is lower than the actor’s, the
inaccurate estimation of Q-values leads to the persistent
oscillations of the training process. Moreover, an excessively
large learning rate may cause premature convergence to the
local optimum. By setting the actor’s learning rate lower
than the critic’s, the SR-CL achieves stable training and
better convergence. Through extensive experiment tests and
analysis, we set the critic’s and the actor’s learning rates in
the SR-CL to le-4 and 1e-5, respectively.

Training Episodes

Fig. 6. Convergence vs. batch size.

Training Episodes

Fig. 7. Convergence vs. update frequency.
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Batch Size. As illustrated in Fig. 6, we test the effect
of different batch sizes on the convergence of the proposed
SR-CL. The results show that larger batch sizes can offer
more sample information and thus improve the model’s
generalization ability. Moreover, the SR-CL with larger batch
sizes yields more stable gradient estimation because it can
better represent the statistical characteristics of the entire
training datasets and reduce gradient variance, thereby sta-
bilizing the training process. Specifically, when the batch
size N is set to 32, the training process of the SR-CL exhibits
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default experiment settings.

significant fluctuations. As the batch size increases, the SR-
CL achieves more stable convergence performance. Based
on the above analysis, we set the batch size NV of the SR-CL
to 512 in the following experiments.

Update Frequency. As shown in Fig. 7, we assess the
convergence of the proposed SR-CL with different update
frequencies. Specifically, when the update frequency A is set
too small (e.g., 1), the SR-CL implies frequent updates of
the actor by using the critic that is not well trained. This
leads to inaccurate Q-value estimation, significant update
fluctuations, and a potential trap in the local optimum.
Conversely, if A is set too large, the training process of
the SR-CL will become overly sluggish. To strike a good
balance between accuracy and efficiency, we set the update
frequency A to 5.

5.2.2 Convergence Comparison of Different Methods

Convergence on Reward. We compare the convergence of
different methods in terms of reward. As shown in Fig. 8(a),
the AM, NM, and GA never involve the training process of
neural networks, and thus the reward remains unchanged
with the increase of training episodes. The IDQN makes
migration decisions only based on local observation but
ignores other agents in the environment, deviating from
the global optimum. The AM and NM make migration
decisions by preset rules, working better than the IDQON.
The GA only considers the instant reward without long-term
perspective. In the early stage, the SR-CL, DDPG, and JSR do
not show superior performance. As the training progresses,
these three methods gradually outperform other methods
by continuously exploring and learning. The JSR incorpo-
rates resource allocation into the action space. However,
it is extremely challenging for the JSR to fully explore the
continuous action space, causing premature convergence
to the local optimum. The DDPG focuses on optimizing
migration decisions and outperforms the JSR. Compared
to the DDPG, the SR-CL integrates an improved DRL with
convex optimization theory, achieving a more stable training
process and superior convergence.

Convergence on Migration Frequency. We compare the
convergence of different methods in terms of migration fre-
quency. As illustrated in Fig. 8(b), the IDQN and NM exhibit
the highest and lowest migration frequency, respectively.
Commonly, IVs tend to stay in the communication coverage
of a BS within consecutive time slots, and thus the migration

various computational capabilities.

various delay coefficients.

frequency of the AM is low. The GA always makes migration
decisions by searching the randomly initialized population,
resulting in higher migration frequency than the AM. As the
training progresses, the SR-CL, DDPG, and JSR are able to
learn better policies. Due to the one-step update mechanism
in DDPG, the critic generates inaccurate Q-value estimation
for actions, which consequently affects the update of the
actor in the right direction. As a result, the migration fre-
quency of the DDPG remains fluctuating within a certain
range. Compared to the DDPG, the SR-CL achieves better
convergence performance and lower migration frequency,
validating the superior design of the SR-CL.

5.2.3 Delay Comparison of Different Methods

Various Delays of Different Methods. As depicted in Fig.
9, we compare various delays (including communication,
computation, migration, and total delays) of the SR-CL with
other methods. Since the NM does not perform service
migration, there is no migration delay. However, the NM as-
sembles service instances on the initial edge nodes, leading
to a significant delay of the backhaul link transmission as
IVs move. The AM always migrates service instances along
with the movement of IVs, which reduces communication
delay but causes the overload issue and increases compu-
tation delay. The IDQN adopts the strategy of individual
independent optimization and fails to capture the inherent
complexity of the whole system, resulting in excessive mi-
gration delay. Therefore, the performance of the IDQN is
inferior to other methods. Frequent migrations may happen
in GA, but it is superior to the NM, AM, and IDQN with
the guidance of prior knowledge. Compared to the above
methods, the JSR achieves better performance. However,
due to insufficient exploration in continuous space, it cannot
obtain the global optimum. In contrast, the DDPG and SR-
CL outperform other methods, where the SR-CL enables the
optimal resource allocation by using convex optimization
and thus exhibits the lowest total delay.

Total Delay with Various Computational Capabilities.
As shown in Fig. 10, there is a downward trend in total
system delay as the computational capability of each MEC
server increases. This is because MEC servers can provide
IVs with more available computational resources, thereby
reducing the computation delay. For the AM, the total sys-
tem delay primarily depends on computation delay caused
by the overload issue (as analyzed in Fig. 9), and thus the
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(a) Topology 1

Fig. 12. Different topologies of a large-scale network with 25 edge nodes.

increase of computational capabilities can better alleviate it.
However, the high communication delay in NM can not
be mitigated, limiting the performance improvement. The
GA and IDQN are able to find suitable migration strategies
when the computational capability is low. With the increase
of this factor, the computation delay is gradually reduced,
but frequent migration leads to excessive migration delay.
In contrast, the JSR is superior to the above methods,
but it may fall into the local optimum due to improper
resource allocation. The DDPG and SR-CL are capable of
performing appropriate service migration. In particular, the
proposed SR-CL introduces the convex optimization theory
to achieve optimal resource allocation, thereby obtaining
the best performance. Specifically, compared to the DDPG,
JSR, IDQN, GA, NM, and AM, the SR-CL achieves the
performance improvement by around 3.63%, 9.90%, 30.96%,
15.95%, 20.29%, and 26.49%, respectively.

Total Delay with Dynamic Traffic Changes. We evaluate
the impact of traffic changes on system delay. Specifically,
we simulate traffic changes by varying the number of tasks
in each time slot. As shown in Fig. 13, system delay increases
with rising traffic. This is because the growing number of
tasks intensifies the resource competition. The NM and AM
perform well in low-traffic scenarios, but their migration
strategies cannot adapt to dynamic traffic changes. The JSR,
DDPG, GA, and IDQN can adjust their migration strategies
through real-time feedback, outperforming the NM and AM.
The JSR jointly optimizes service migration and resource
allocation but struggles to find the optimal joint strategy
due to the large action space. In contrast, the proposed SR-
CL decouples the sub-problem of resource allocation by in-
troducing the convex-optimization theory and dynamically
adjusts the migration strategy via the real-time feedback
mechanism of DRL. Therefore, the SR-CL can effectively fit
into dynamic traffic changes. Specifically, compared to the
DDPG, JSR, IDQN, GA, NM, and AM, the SR-CL achieves
performance improvement of approximately 2.77%, 14.09%,
20.11%, 13.86%, 21.98%, and 36.15%, respectively.

Total Delay with Various Unit Migration Delay Coef-
ficients. The unit migration delay coefficient is an essential
factor that affects the performance of service migration. As
illustrated in Fig. 11, when there is no service migration
by using the NM, the change of the coefficient does not
influence the system’s total delay. With the increase of

(b) Topology 2

(c) Topology 3

the coefficient, the performance of all methods (except the
NM) exhibits a descending trend. When the value of the
coefficient grows to 4.5, both the GA and IDQN become
inferior to the NM and AM. Moreover, the IDQN performs
worst because it lacks communication between agents and
thus cannot capture the complexity and dynamics of the
system. In contrast, the proposed SR-CL designs the critic
with the one-step update to guide the actor with the delayed
update for accurately evaluating the Q-values of migration
actions. Therefore, the SR-CL can always make proper mi-
gration decisions to optimize the long-term system delay
and outperform the DDPG and JSR. Especially, when the
value of the coefficient is 4.5, the SR-CL can reach the
performance improvement by approximately 3.62%, 11.42%,
54.31%, 29.29%, 16.42%, and 28.59% compared to the DDPG,
JSR, IDQN, GA, NM, and AM, respectively.

Total Delay with Various Network Topologies. As
shown in in Fig. 12, to further evaluate the generality of
the proposed SR-CL for different network topologies, we
construct 3 different topologies of a large-scale network with
25 edge nodes as follows.

e Topology 1 (high-connectivity): Each edge node can
communicate with its adjacent edge nodes, and thus
it is a high-connectivity topology.

o Topology 2 (middle-connectivity): The edge nodes in
the central region are with a high-connectivity topol-
ogy, but the connectivity between edge nodes in the
other region is sparse, simulating the typical network
topology in cities.

o Topology 3 (low-connectivity): The connectivity be-
tween edge nodes is sparse and there is no closed loop,
simulating the network topology in remote areas.

Fig. 14 illustrates the total delay of different methods
with various network topologies. As the connectivity of a
network topology decreases, the performance of all meth-
ods exhibits a downward trend. This is because service
migration and task transmission need to be routed via more
hops, leading to more time consumption. The IDON lacks
efficient collaboration between agents, and thus the decrease
in connectivity causes great performance degradation. Since
the AM and NM rely on preset rules, and the decrease
in connectivity increases the routing hops of service mi-
gration and task transmission. The GA employs heuristics
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dynamic traffic changes.

with multiple iterations, outperforming the above methods.
The SR-CL, DDPG, and JSR adapt to changes in network
topologies by interacting with environments. The proposed
SR-CL utilizes the convex optimization theory to obtain the
optimal resource allocation, achieving better performance
than the DDPG and JSR under similar migration decisions.
Specifically, compared to the DDPG, SR, IDQN, GA, NM,
and AM, the SR-CL achieves the performance improvement
by approximately 5.53%, 9.29%, 39.35%, 21.03%, 25.50%, and
25.46%, respectively.

Total Delay with Various Backhaul Link Bandwidths.
We evaluate the impact of varying backhaul link band-
widths on the performance of different methods. As shown
in Fig. 15, the performance of all methods exhibits an
upward trend as the bandwidth increases. This is because
high bandwidth reduces the time of transmitting data on the
backhaul link, where services instances own more data vol-
umes than tasks and thus consume more transmission time.
The IDQN fails to capture system dynamics, resulting in
frequent service migrations. The GA makes migration deci-
sions by randomly searching initialized populations, which
also leads to high migration frequency. In the scenarios
with low bandwidth, the GA performs worse than the NM.
Compared to the above methods, the SR-CL, DDPG, and JSR
can better adapt to the changes of backhaul link bandwidths
and avoid unnecessary service migrations. The DDPG al-
locates computational resources in proportion, while the
SR-CL adopts the convex optimization theory for resource
allocation that can further improve system performance.
Specifically, compared to the DDPG, SR, IDQN, GA, NM,
and AM, the SR-CL achieves the performance improvement
by about 5.33%, 8.61%, 34.34%, 20.11%, 19.94%, and 25.86%,
respectively.

Average Task Response Delay with Various Numbers
of IVs. As shown in Table 2, when the number of IVs is
small, MEC servers possess sufficient resources that can be
allocated to service instances, and thus there is no obvious
performance gap among different methods. As the number
of IVs grows, it becomes imperative to properly migrate ser-
vice instances for avoiding high computation delay caused
by the overloads of MEC servers. Additionally, migration
policy also need to consider the high mobility of vehicles
to mitigate high communication delay. The IDQN lets each
agent make migration decisions without communicating
with others, causing the overload issue and local optimum.

various network topologies.

various backhaul link bandwidths.

TABLE 2
Average task response delay (s) with various numbers of IVs

Methods Numbers of IVs
60 | 100 | 140 | 180 [ 220
SR-CL || 1.5302 | 2.0876 | 2.6381 | 3.1579 | 3.7279
DDPG || 1.5871 | 2.1991 | 2.7106 | 3.2505 | 3.8374
JSR 1.5778 | 2.3093 | 2.8611 | 3.4857 | 4.2280
IDQN || 24014 | 3.0519 | 3.4952 | 42332 | 4.8808
GA 2.1002 | 2.4895 | 2.9957 | 3.4720 | 4.0633
NM 1.9002 | 2.6032 | 3.1612 | 3.7369 | 4.3681
AM 1.8455 | 2.7887 | 3.7321 | 4.5315 | 5.6026

Due to incomplete exploration of continuous space, the
JSR is inferior to the GA as the number of IVs increases.
In contrast, the DDPG and SR-CL consider the interaction
among IVs by observing the global state, enabling better
migration decisions. Compared to the DDPG, the SR-CL
incorporates the convex optimization theory to obtain the
optimal resource allocation on each MEC server, contribut-
ing to the improved performance of service migration. Espe-
cially, when the number of IVs is 220, the SR-CL outperforms
the DDPG, JSR, IDQN, GA, NM, and AM by around 2.85%,
11.83%, 23.62%, 8.25%, 14.66%, and 33.46%, respectively.

TABLE 3
Decision-making time (ms) of different methods with various numbers
of IVs
Methods Numbers of IVs
60 | 100 | 140 | 180 [ 220

SR-CL (x1071) || 7.8726 | 7.8999 | 8.0534 | 8.5952 | 8.6426
DDPG (x1071) 7.4958 | 7.7554 | 8.0017 | 8.0030 | 8.1746
JSR (x10~1) 8.1798 | 8.6549 | 8.8191 | 9.5902 | 9.9233
IDQN (x 10*1) 1.5480 | 1.5108 | 1.5081 | 1.5080 | 1.5173
GA (x103) 1.3669 | 2.4292 | 3.4660 | 4.3594 | 5.1198
NM (x107%) 49978 | 52472 | 4.7883 | 5.1375 | 5.0477
AM (% 10—2) 2.8634 | 2.8672 | 2.8357 | 2.7956 | 2.7983

Decision-making Time with Various Numbers of IVs.
As shown in Table 3, we evaluate the decision-making time
of different methods with various numbers of IVs in a large-
scale network topology (25 edge nodes). The GA searches for
the optimal solution by performing mutation and crossover
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operations on the individuals in the population. When the
number of IVs increases, the time of computing the popula-
tion fitness significantly increases, degrading the decision-
making efficiency. The NM always maintains the original
migration decisions, and the AM makes the migration de-
cisions simply based on the distance between IVs and edge
nodes. Therefore, there is no obvious change in the decision-
making time of these two methods as the number of IVs
increases. The DRL-based methods perform training and
inference via neural networks, leading to longer decision-
making time than the rule-based methods. The IDQN makes
decisions only based on local observations, and thus the
input and output dimensions of each agent are not affected
by the number of IVs. Although the IDQN exhibits lower
decision-making time than the other DRL-based methods,
its decision-making performance is unsatisfying, causing
excessive delay. The SR-CL, DDPG, and JSR consider the
global environment state as input of neural networks, and
thus their state dimensions are related to the number of
IVs. The JSR learns the policy of resource allocation by
neural networks, thereby causing longer decision-making
time. Compared to other methods, the proposed SR-CL is
able to achieve significant performance improvement with
satisfying decision-making time.

5.2.4 Ablation Experiments for SR-CL

We conduct ablation experiments to verify the effectiveness
of the components designed in SR-CL. As shown in Fig.
16, we revert the delayed update to the one-step update,
and thus the actor and critic are updated simultaneously,
which leads to the high similarity between the weights
of the online and target networks. Under this setting, the
biased estimation of the target Q-values occurs, which
causes inaccurate guidance for the action selection in the
actor and seriously impacts the convergence stability of
the training process. This instability affects the robustness
of the SR-CL and makes it unsuitable for dynamic multi-
edge IoV systems. Furthermore, we modify the convex-
optimization-based resource allocation in SR-CL to the pro-
portional resource allocation, which allocates resources to
service instances in proportion to task demands. However,
this manner might not fully optimize the performance of
service migration. In contrast, when adopting the convex-
optimization-based resource allocation, the SR-CL can guar-
antee the global optimal solution with the support of the
mathematical theory. Therefore, the SR-CL is able to promise
high adaptability in addressing the complex problem of
service migration and resource allocation in changeable
multi-edge IoV systems.

5.3 Simu5G-based Testbed Validation

Simu5G [42] is an open-source framework built on OM-
NeT++, which is designed to simulate the key features
and complex scenarios of 5G networks. Simu5G supports
the simulation of modules such as the 5G Radio Access
Network (RAN), Core Network (CN), and Multi-access
Edge Computing (MEC), which can be used to simulate the
communication interactions among User Equipments (UEs),
base stations (i.e., gNodeBs (gNBs)), edge nodes, and the
remote cloud. Based on a PC with an Intel(R) Core(TM) i5-
12400F CPU and 16GB RAM, we install OMNeT++ 6.1.0 and
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Fig. 16. Ablation experiments for the proposed SR-CL.

INET 4.5.2 and build a Simu5G-based testbed!. As shown in
Fig. 17, the topology of the Simu5G-based testbed includes
mobile UEs, gNBs that provide wireless access, mecHost
that offers computing services, User Plane Function (UPF)
and Intermediate UPF (IUPF) for transmitting routing data
between the access network and edge nodes, User Applica-
tion Layer Control and Management Plane (UALCMP) for
application-level control and management, mecOrchestrator
for application deployment, resource allocation, and service
scheduling, and channelControl for channel management.

! i

upf ualcmp mecOrchestrator

0

@

mecHost1 iUpf1 MultiMecHost delay iUpf2 mecHost2
channelControl routingRecorder

camierAggregation binder

conﬁgtarator / \ |
99999 !@ Y Y

je[1]  ue[2  uel] ueld] uel5] uef6]  ue[7] el ue[9)

gnb2

Fig. 17. Topology of Simu5G-based testbed.

On the Simu5G-based testbed, we set the transmission
power to 26 dBm for UEs and 46 dBm for gNBs and turn
on the interference in uplink and downlink. We randomly
place 10 UEs within the communication coverage areas of
2 gNBs with different distances to gNBs. All UEs follow
the movement pattern of LinearMobility with a speed of 5
m/s, updatelnterval is 0.05 s, and dynamicCellAssociation and
enableHandover are enabled. We regard requestResponseApp
provided by Simu5G as the service requested by UEs, which
is deployed in mecHost with requestServiceTime of 4 ms and
subscriptionServiceTime of 11 ps. With the ETSI GS MEC
003 standard, Simu5G uses Virtualization Infrastructure

1. https:/ / github.com/JoyZhang20/SRCL_Simu5G
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Manager (VIM), a part of mecOrchestrator, to allocate, man-
age, and release virtualized infrastructure resources. VIM
has two built-in scheduling strategies (i.e., SEGREGATION
and FAIR). The SEGREGATION allocates resources strictly
according to predefined demands, and the FAIR consid-
ers both demands and current loads to allocate resources
proportionally. We implement the resource allocation policy
based on the convex-optimization theory in calculateProcess-
ingTime function of VIM. For service migration, we construct
the DRL agent in Python programs, treating Simu5G as
the environment and making interactions. Simu5G offers
many delay metrics including downLinkTime, upLinkTime,
serviceResponseTime, processingTime, and responseTime, where
responseTime is the total delay. During the offline train-
ing phase, we randomly make service migration decisions
and collect delay data after each simulation to train the
DRL agent. Due to the limited compatibility of Simu5G
with mainstream communication frameworks (e.g., curl and
Boost.Asio), we use local files to transfer the decisions of the
DRL agent during the real-time evaluation phase and syn-
chronize Python programs and Simu5G. Other parameters
are set by using the default configurations of Simu5G.

First, we compare the response time (i.e., responseTime)
of different methods with various vehicle speeds. As illus-
trated in Fig. 18, the SEGREGATION exhibits the highest
responseTime. This is because the SEGREGATION employs
static resource allocation but ignores the load of mecHost,
and thus some tasks cannot be allocated with proper re-
sources. Different from the SEGREGATION, the FAIR con-
siders the load variations of mecHost and allocates resources
proportionally, thereby enhancing resource efficiency and
reducing responselime to a certain extent. Compared to
other methods, the proposed SR-CL can allocate resources
according to task features, which further improves resource
efficiency and responseTime. Meanwhile, the SR-CL incorpo-
rates proactive service migration, which can make a better
balance between migration delay and load status, and then
it can choose a more reasonable mecHost with lower delay
for offloading tasks. As the vehicle speed increases, respon-
seTime of all methods rises. On one hand, faster movement
causes signal instability, increasing both downLinkTime and
upLinkTime. On the other hand, vehicle mobility between
different gNBs introduces extra responseTime. The results
demonstrate the superior performance of the SR-CL under
scenarios with varying vehicle speeds.

Next, we compare the uplink time (i.e., upLinkTime)
on different locations of vehicles. As depicted in Fig. 19,
each box indicates the distribution of upLinkTime during
15 offloading processes between vehicles and mecHost. Up-
LinkTime is closely related to the locations of vehicles. For
example, the vehicles that are closer to gNBs experience less
signal attenuation and faster upload rates, leading to lower
upLinkTime and more concentrated distributions. In contrast,
the vehicles that are farther from ¢NBs face more severe
signal attenuation and more interference during movement,
resulting in greater fluctuations in upload rates, higher up-
LinkTime, and more dispersed distributions. When vehicles
are located at the boundary of the communication coverage
of two gNBs (i.e., index = 5), the highest upLinkTime hap-
pens. This is because vehicles trigger the switching of gNBs
during movement, which introduces extra communication
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Fig. 18. Comparison of different methods with various vehicle speeds.

overheads and further increases upLinkTime.
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6 CONCLUSION

In this paper, we propose SR-CL, a novel mobility-aware
seamless service migration and resource allocation frame-
work for multi-edge IoV systems. First, we formulate the
service migration and resource allocation as a long-term
QoS optimization problem and decouple it into two sub-
problems. For the sub-problem of service migration, we
design a new improved DRL-based method with delayed
and one-step update mechanisms. For the sub-problem
of resource allocation, we theoretically derive the optimal
resource allocation based on convex optimization. Using
the real-world datasets of vehicle trajectories and testbed,
extensive experiments are conducted to verify the effective-
ness of the proposed SR-CL. Compared to benchmark meth-
ods, the SR-CL achieves better performance under differ-
ent scenarios with various computational capabilities, unit
migration delay coefficients, network topologies, backhaul
link bandwidths, and numbers of IVs. Meanwhile, the SR-
CL exhibits faster and more stable convergence than the
advanced IDQN and DDPG. Further, testbed experiments
validate the practicality and superiority of the SR-CL in
offering seamless services. In our future work, we plan
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to integrate energy costs into our optimization objective
and explore a distributed solution to better balance delay
and energy costs, aiming to further enhance the scalability
of the proposed system in real-world scenarios. Moreover,
we will explore more recent datasets of vehicle trajectories
from different cities to evaluate the generality of the SR-
CL in various scenarios and extend the testbed for further
approaching real-world environments.
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