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Mobile Edge Computing (MEC) is a technology that provides computing services to mobile users by 
deploying edge servers at base stations, and it has become an important tool for enhancing user 
service experience. Due to limited resources and user mobility, service migration among edge servers 
becomes an effective way to maintain user service latency. However, frequent service migrations and 
resource competition among users result in additional energy consumption, significantly increasing 
the operational costs of service providers. In complex dynamic and resource-competitive scenarios, 
considering migration energy consumption as an independent core optimization objective comparable 
to service latency and making adaptive online migration decisions pose significant challenges and 
remain underexplored. In this paper, we propose a systematic new approach to address the service 
migration challenges in MEC from the perspectives of theoretical modeling, algorithm design, and 
mechanism innovation, namely a delay- and energy-aware adaptive service migration method. Firstly, 
we model service migration as a constrained (resource competition) bi-objective optimization problem 
(minimizing service latency and migration energy consumption), which can be formulated as a mixed-
integer nonlinear programming problem. Then, given the NP-hard nature of this problem, network 
dynamics, differences in user mobility patterns, and the real-time requirements of migration decisions, 
we design a migration model based on Deep Q-Network (DQN), referred to as NPER-D3QN. This model 
integrates elements of D3QN, Noisy Net, and prioritized experience replay, enabling the generation 
of adaptive migration strategies with low latency and low energy consumption according to real-time 
network states, user mobility patterns, and server loads. Finally, we conduct simulation experiments 
comparing our proposed service migration method with existing typical and advanced methods. The 
results demonstrate that our method exhibits superior performance in terms of latency and energy 
efficiency, showing certain advantages in dynamic adaptation and multi-objective collaborative 
optimization.
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The explosive growth of mobile internet and Internet of Things (IoT) has intensified the demand for massive 
data generation and real-time processing, which urgency has led to the emergence of Mobile Edge Computing 
(MEC)1. In the MEC architecture, edge servers located at base stations provide proximity-based computing 
services to users, thereby enhancing user experience2. Due to limited coverage ranges and computational 
resources of base stations, service migration becomes necessary when users move out of the coverage area or 
resource contention occurs, aiming to reduce service latency3. However, frequent service migrations increase 
communication energy consumption of edge servers, thereby raising operational costs for service providers4. 
Meanwhile, service redeployment also incurs additional migration delays. Therefore, how to achieve adaptive 
online service migration decisions that jointly optimize service latency and system energy consumption under 
complex scenarios characterized by diverse user mobility patterns, dynamic network conditions, and resource 
contention remains a challenging and pressing issue requiring comprehensive solutions.

Researchers have advanced various solutions to address the issue of service migration in Mobile Edge 
Computing (MEC). The majority of research on service migration addresses it as a multi-objective optimization 
problem. Specifically, they focus on service delay as the primary objective. To determine the optimal migration 
strategy, various methods have been employed, including dual-layer graph neural network architecture5, 
Lyapunov optimization algorithms6, and deep reinforcement learning algorithms7–10. While the aforementioned 
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techniques consider the optimized migration cost, they neglect the system’s energy consumption, particularly 
the energy used in migration. This oversight impacts the eco-friendly utilization of system resources. Meanwhile, 
some research are oriented towards user mobility and design migration methods based on the premise of user 
location prediction using Lyapunov optimization algorithms11, game theory12, and reinforcement learning 
techniques13, etc. However, they do not consider the uncertainty of resources and loads and are insufficiently 
adaptive to dynamic scenarios. In addition, some works do not consider resource constraints and design optimal 
migration strategies based on Lyapunov optimization methods14, deep reinforcement learning methods15,16, etc., 
which are insufficiently scalable and adaptive in practical applications. In summary, existing studies have less 
joint optimization of delay and energy consumption, and do not comprehensively consider the dynamics of 
users, resources, and load, which affects the adaptivity of migration methods.

In the complex dynamic scenarios of MEC, taking into account the user service latency and system migration 
energy consumption, the design of adaptive migration methods faces two main challenges: how to construct 
a system model and a problem model that support the joint optimization of service latency and migration 
energy consumption, and how to design an adaptive migration model that supports the dynamics of the users, 
resources, and loads. Some researchers model service migration as a multi-objective optimization problem, 
employing Deep Reinforcement Learning (DRL) techniques to address adaptive service migration challenges, 
including DQN algorithms17,18, Deep Recursive Actor-Critic Model19, etc. However, these studies only consider 
user mobility without considering user competition for computing resources, which leads to service migration 
queuing phenomenon and increases service delay, thus decreasing user QoS. To ensure high QoS, some 
studies20,21 optimize the migration by introducing resource-awareness and mobility prediction modules into 
the DRL model, which take into account both user mobility and resource competitiveness strategies. Although 
deep reinforcement learning performs well in terms of adaptivity, existing studies fail to effectively balance user 
QoS and migration cost, resulting in wasted system resources or excessive migration frequency. Therefore, the 
exploration of how to use deep reinforcement learning to design high-quality and low-cost adaptive migration 
strategies is still the focus of service migration research.

In this paper, our primary focus is on the energy cost of service migration (i.e., communication energy 
consumption) and studies the service migration problem that guarantees high service quality with low energy 
overhead under resource constraints and user mobility. Due to the diversity of user mobility patterns and the 
fluctuation of base station bandwidth, service migration needs to be adaptive to provide a low-cost and high-
quality service experience. Consequently, we suggest a sophisticated, deep learning-driven approach for service 
migration, designed to deduce the optimal migration strategy through ongoing environmental interaction. The 
main contributions of this paper are as follows.

•	 We propose a delay and energy-aware adaptive service migration method to systematically address the service 
migration problem in MEC from the perspectives of theoretical modeling, algorithm design, and mechanism 
innovation. Firstly, we model the migration problem as a constrained bi-objective optimization problem, 
aiming to minimize both latency and energy consumption while satisfying constraints on computational and 
communication resources. This problem belongs to the category of nonlinear mixed integer programming 
problems, where traditional optimization methods fail to adapt to complex environments and cannot meet 
real-time requirements.

•	 To address this NP-hard problem, considering the dynamic changes in the network, variations in user mo-
bility patterns, and the real-time nature of migration decisions, we propose a DQN-based service migration 
model called NPER-D3QN to generate adaptive migration strategies. We introduce double Q-learning and 
dueling network architectures to resolve the issue of overestimation of Q-values, thereby improving the accu-
racy of the model. Additionally, by employing prioritized experience replay and noisy networks, we enhance 
its training efficiency and accelerate convergence.

•	 We also conduct time complexity analysis and runtime analysis for NPER-D3QN. A series of simulation ex-
periments were conducted to validate the effectiveness of the proposed method. The results demonstrate that 
compared to typical and advanced baseline methods, NPER-D3QN achieves faster convergence speed and 
significant improvements in terms of average latency, migration cost, and service rejection rate. Furthermore, 
we explore the stability and scalability of our approach under different scenarios.

The paper is structured as follows: “Related work” provides a review of recent research. “System model and 
problem formulation” presents the system model and problem formulation. “Adaptive service migration model 
based on DRL” provides a detailed description of the proposed method and its implementation. The performance 
evaluation results are presented in “Performance evaluation”. The paper concludes with “Conclusion”.

Related work
In mobile edge computing, 5G communication technologies have created a demand for timeliness and resource 
availability of emerging IoT applications. While user applications or services are deployed at the edge servers 
to meet specific latency and resource requirements22, mobility of users requires involvement of multiple edge 
servers. This is essential to offer continuous on-demand services, thereby ensuring a seamless and superior 
user experience. In recent years, researchers have proposed numerous service migration schemes in response 
to the evolving service demands of users. These schemes prioritize low latency during service migration, taking 
into account changes in users’ geographic locations. Additionally, they consider the computational and storage 
resources of edge servers.

User location-based migration techniques typically assume the accurate prediction of a user’s movement 
trajectory. They utilize this assumption as a foundation to instigate service migration operations either 
proactively or in real-time, thereby ensuring the uninterrupted provision and availability of services. Anwar 
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et al.23 developed a dynamic shortest path selection algorithm and a dynamic multipath search algorithm to 
address the service disruption and Quality of Service (QoS) degradation. These algorithms enable autonomous 
network boundary discovery and path optimization while maintaining critical node connectivity. Xu et al.11 
introduced a mobile-aware service migration method rooted in a probabilistic model, which adeptly minimizes 
both service latency and migration expenses. Chen et al.24 proposed a dynamic transfer framework based on 
real-time trajectory prediction and multi-agent deep reinforcement learning to address the challenges of task 
transfer decision-making in vehicular metaverse for everything, which effectively reduces the execution latency 
of tasks and improves user experience. Zhao et al.25 proposed a mobile aware proactive service migration 
method for MEC. By integrating recurrent neural network with geo-embedded Markov chain predictor through 
ensemble learning, it predicts users’ next location and determines target edge server for service migration 
according to these predictions, thereby reducing migration time and end-to-end latency. Li et al.12 introduced 
a dynamic service migration approach grounded in a non-cooperative game theory to mitigate the decline in 
service quality resulting from user mobility. Cao et al.13 proposed a path optimization technique based on deep 
reinforcement learning, aiming to concurrently minimize communication cost and latency while satisfying the 
service requirements. These location-based migration schemes often overlook the dynamic nature of the network 
environment and the unpredictability of the system load. In real MEC environments, triggering migrations 
based only on location changes may lead to wasted resources or too frequent migrations, making it difficult to 
balance the quality of service and system efficiency.

Some approaches typically minimise end-to-end delay by optimising task allocation, link selection, and 
migration path planning to improve the performance of interactive applications and real-time services. Chen et 
al.26 decomposed the mixed-integer nonlinear programming problem involving service migration and resource 
allocation into two subproblems. They employed a deep reinforcement learning approach based on actor-
critic asynchronous updates to address service migration, thereby optimizing service quality in multi-edge IoT 
systems. Kang et al.8 conceptualized the vehicle-to-base-station task migration dilemma as a partially observable 
Markov decision process. Consequently, they introduced a dynamic migration system, grounded in multi-
intelligent body deep reinforcement learning. Li et al.27 proposed an intelligent service migration method that 
leverages hidden state inference, which markedly enhances the quality of service and reduces latency. Shi et al.18 
proposed a two-time scale resource management framework for MEC by trade-off between service migration 
and task redirection to achieve seamless and cost-efficient MEC services. Chen et al.10 integrated task assignment 
and service migration within IoT systems, modeling them as Markov decision-making processes, and using a 
training architecture anchored in a dual-delay deep deterministic policy gradient. Chen et al28 proposed a data-
driven mobile-aware service migration scheme in MEC to decrease system latency and enhance the efficiency of 
service migration. Tsourdinis et al7 introduced a DRL-driven service migration mechanism to effectively address 
the communication delay problem caused by user mobility and external factors. Although such approaches 
have achieved some success in reducing service latency, they tend to ignore energy consumption constraints. In 
situations where a choice must be made between energy consumption and delay, an exclusive focus on delay can 
lead to increased system energy usage and decreased overall resource utilization. This limits the practical value 
of such applications in energy-sensitive environments.

Some studies focus on the logical design of the migration decision under the assumption of infinite resources 
to verify the effectiveness and feasibility of the scheme at the theoretical level. Peng et al29 proposed a service 
migration mechanism grounded in migration reinforcement learning, which enhances the satisfaction of 
service migration by taking into both computational and communication cost facts. Wang et al14 formulated the 
migration problem as a multi-objective optimization challenge, employing the Lyapunov optimization method 
to derive utility-optimal migration decisions to ensure service reliability and reduce energy consumption. Xu et 
al5 designed a task migration strategy, utilizing the intensity Pareto evolutionary algorithm, to strike an optimal 
balance between energy consumption and time cost. Han et al6 introduced a service migration optimization 
algorithm, leveraging a deep Q-learning network, designed to minimize the service access delay and energy 
consumption. Fan et al.30 introduced a service migration scheme tailored for backhaul-less vehicular networking, 
which achieves backhaul network-independent service migration by taking into account task dependencies. 
Zheng et al15 proposed a dynamic and energy-efficient service migration framework for 3-D networks, which 
leverages deep reinforcement learning to optimize migration decisions, aiming to reduce communication delays 
and energy consumption. Zhang et al16 introduced a mobility-aware service migration mechanism, grounded in 
deep reinforcement learning, designed to mitigate service delay and network migration delay in multi-access edge 
computing environments. In real deployment environments, edge nodes have limited computation and resource 
competition becomes an unavoidable key issue. As a result, such migration schemes often face performance 
degradation or even unavailability in real environments, and lack practical scalability and adaptability.

In contrast to previous work, we propose an adaptive service migration algorithm that integrates the multi-
user mobility and resource competition to achieve service migration with high service quality and low system 
energy consumption. Furthermore, our method is scalable and can adapt to the dynamic changes in the number 
of computing nodes and users in the MEC network. This ensures that optimal migration performance is 
consistently maintained, even within the intricate context of multi-user and high-density environments.

System model and problem formulation
System overview
The Mobile Edge Computing system in focus is depicted in Figure 1. This architecture features base stations, 
situated at various locations, interconnected to the core network via wired links thereby facilitating service 
migration. Each base station not only serves as a wireless access point but is also equipped with edge servers to 
execute users’ computational tasks. Users are sporadically distributed within the system and possess the ability to 
move arbitrarily at any given moment. Typically, users establish connections to the nearest base station through 
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wireless signals to maintain low communication latency31. When the locations of users change, the system is 
tasked with determining whether to migrate services. Although service migration can potentially decrease 
latency, it may also result in a corresponding increase in the overall energy consumption of the system32.

In this system, each user has different computing tasks (also called services) and communicates with the 
nearest base station through wireless links to maintain low communication latency. The base stations (BS) serve 
as both access points and hosts for edge servers (ES) that handle users’ computing tasks. Different base stations 
are interconnected via wired links to enable computing resource sharing33. Users are randomly distributed 
and can move to any possible location. When user locations change, their connected base stations may switch 
frequently, requiring the system to consider migrating user services to other nearby edge servers. Such migration 
typically reduces service latency but increases system energy consumption34.

In the MEC architecture, each ES usually consists of multiple virtual machines with computing resources 
equally allocated among them35. User services are deployed on different virtual machines, which we abstract as 
resource blocks. Owing to the constrained computational resources of each Edge Server (ES), resource blocks 
can only be allocated to users in a sequential manner. This limitation inevitably results in service queuing. When 
an ES lacks sufficient computing resources, the MEC system may migrate services to other resource-sufficient 
ESs to reduce queuing delays.

Figure 1 illustrates a service migration example. At one moment, user Anna (red car) is within BS 2’s coverage, 
with her service (red rectangle) allocated one resource block (red cube) on Server 2. Later, when Anna moves 
into BS 3’s coverage, her service migrates from Server 2 to Server 3, allocating a new resource block (red cube). 
Meanwhile, Eli (purple car) and David (blue car) are also within BS 3’s coverage. Since Server 3 only has 4 
resource blocks - after allocating 2 to Eli (purple cubes) - only one remains (blue cube), insufficient for David’s 
service needs (blue rectangle). Consequently, David’s service migrates to the nearest resource-sufficient Server 1, 
allocating 2 resource blocks (blue cubes).

Service migration model
We examine a service migration model within the context of a cellular network. The model under consideration 
consists of a set of geographically distributed base stations L (indexed by l), interconnected via wired links for 
data transmission. A collection of edge servers S (indexed by s) are co-located with the base stations to provide 
computational resources for highly mobile users U (indexed by u), processing their offloaded service requests. 
The system functions through discrete time slots, segmenting time into T slots, each enduring ω seconds. Within 
a given time slot t(t = 0, 1, 2, ..., T ), a user set U produces a service set ϕ (indexed by φ). This set is subsequently 
implemented on edge servers via wireless links. For the convenience of the reader, we have gathered all relevant 
notations in Table 1.

Fig. 1.  Example of user service migration in MEC system.
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We assume that the service deployment location of a user, denoted by φ, remains unchanged within one 
time slot. At time slot t, if service φ is processed on edge server s, we denote this as xφ,t+1(u, s) = 1. Otherwise 
xφ,t+1(u, s) = 0. At time slot t + 1, if service φ remains on server s, then xφ,t+1(u, s) = xφ,t(u, s). Otherwise, 
service migration occurs, then xφ,t+1(u, s) ̸= xφ,t(u, s).

Service delay model
Service latency is a term used to denote the time required for various operations including service communication, 
computation, migration, and backhaul36. The communication delay refers to the latency experienced by user u 
when communicating with base station l, which is primarily determined by the delay in task offloading. The 
computation delay represents the time necessary for the ES to process tasks. The migration delay is the latency 
caused by the migration of services through wired links. Finally, backhaul delay refers to the time needed for the 
edge server to send computational results back to the user, encompassing transmission, propagation, processing, 
and queuing. It should be noted that the data volume of these computational results is typically minimal37 and, 
therefore, considered negligible in this study.

Communication delay. The offloading speed of user tasks to BS mainly depends on their wireless channel 
capacity. This study assumes that every base station utilizes an Orthogonal Frequency Division Multiple 
Access (OFDMA) model to manage communication resources7. Specifically, base station l provides K mutually 
orthogonal resource blocks, each with bandwidth W. The uploading speed of tasks from users to the BS is 
predominantly determined by the uplink. The rate of uplink transmission denoted as Ru,l, from user u to base 
station l can be quantified using the following formula.

	
Ru,l = W · [ K

El
] · log2(1 + SNRu).� (1)

where El represents the quantity of users linked to BS l, and SNRu denotes the received signal-to-noise ratio. 
The calculation of SNRu is demonstrated in the following manner.

	
SNRu =

P h0dist
ϖ(ζ−1)
u,l

N0
,� (2)

Here, P is the constant baseline transmit power of the user. h0 is the channel power gain, distu,l is the distance 
between user u and base station l. ϖ is the path loss exponent and ζ  is the fractional order channel inversion 
power control component. Lastly, N0 signifies the noise power. As a result, the communication delay, represented 
as τ com

φ,t (u), experienced by user u when offloading the service in time slot t can be articulated through the 
equation given in38.

Notation Description

xφ,t(u, s) The connectivity between server s and user u in time slot t

K Number of orthogonal resource blocks

W Bandwidth of resource blocks

El Number of users associated with BS l

P The baseline transmit power of users

h0 Channel power gain

distu,l Distance from u to its serving BS

N0 Noise Power

datau,t Offloaded task size of u at time slot t

Ru,l The uplink wireless transmission rate of u

fφ,u The number of CPU cycles required by φ

Fs The computing capacity of s

ns,t The number of virtual machines started by s

vsize
φ Service instance size

B Wired link bandwidth

ρ Backhaul delay factor

hop(s1, s2) The hop distance between MEC server s1  and s2

Dφ Deadline for service φ

κ The energy consumption of a CPU cycle

η The migration cost consumption factor

Table 1.  Definitions of notations.
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τ com

φ,t (u) = datau,t

Ru,l
,� (3)

where datau,t is the size of user u’ offloading service at time slot t.
Computation delay. The computational capacity of Edge Servers (ES) is notably constrained in comparison 

to cloud data centers. In this work, we measure ES computing capability by CPU cycles per second, where the 
computational capacity of ES s is denoted as Fs. During time slot t, when the total requested resources Fs(t) 
from services deployed on s exceeds Fs, the system incurs additional queuing delay. Furthermore, each service 
is allocated a virtual machine on the ES, with computational resources equally distributed among these virtual 
machines. For each user, the available computing capacity of ES dynamically varies according to the number of 
services being processed concurrently in the same time slot. The computation delay τexe

φ,t (u) that a user’s service 
experiences during time slot t depends on the computation capacity Fs of Edge Server s and the number of active 
virtual machines ns,t on Edge Server s39. The calculation formula is the following.

	
τexe

φ,t (u) = fφ,u

Fs/ns,t
,� (4)

where fφ,u denotes the quantity of CPU cycles required for processing service φ as submitted by user u. 
Additionally, ns,t quantifies the number of VMs initiated by ES s within time slot t.

Migration delay. In a wired link, the migration delay is predominantly influenced by three factors: the 
bandwidth B of the wired backhaul link between base stations, the size vsize

φ  of data volume to be migrated by 
the service φ, and the hop distance, denoted as hop(s1, s2), refers to the distance between the source server 
s1 and the target server s2. These parameters collectively dictate the time required for data transfer, impacting 
overall network efficiency. Specifically, it is calculated by the following formula.

	
τmig

φ,t (u) =
{

0, xφ,t+1(u, s) = xφ,t(u, s),
vsize

φ

B
+ 2ρhop(s1, s2), xφ,t+1(u, s) ̸= xφ,t(u, s)

,� (5)

where ρ represents the return delay factor. It is important to mention that, in instances where the service has not 
been migrated, the migration delay linked to the service is deemed to be 0.

The variable τφ,t(u) characterizes the cumulative delay in processing the service φ for user u in the time slot 
t. More specifically, τφ,t(u) is calculated as sum of the three distinct delays: communication, computation delay, 
and migration delay.

	 τφ,t(u) = τ com
φ,t (u) + τexe

φ,t (u) + τmig
φ,t (u),� (6)

Service energy model
When the system processes user services, data migration will generate corresponding energy consumption. In 
the migration process, the user service is transitioned from the source server to the target server via a wired 
connection. The primary factor influencing its energy consumption is the volume of data, denoted as vsize

φ , 
which the service φ requires for migration. This can be quantified using the following calculation.

	
Cmig

φ,t (u) =
{

0, xφ,t+1(u, s) = xφ,t(u, s),
ηvsize

φ , xφ,t+1(u, s) ̸= xφ,t(u, s) � (7)

where η is the energy consumption factor associated with migration. In instances where the service remains 
unmigrated, the system’s migration energy consumption is consequently zero.

In our work, Cmig
φ,t (u) specifically models the migration-related communication energy consumption 

incurred when transferring service states to the wired backhaul through migration, aiming to quantify the 
direct energy cost of service migration. This formulation does not account for other components contributing to 
system-wide energy consumption, including idle/active power consumption of edge servers, cooling costs, and 
carbon footprint.

Problem formulation
This paper addresses the multi-user service migration problem in mobile edge computing. The objective is to 
minimize overall system latency and total migration cost by jointly determining an optimal service migration 
policy for each user, subject to their respective latency requirements and the resource constraints of the edge 
server. This problem can be formally defined as follows.

	
P 1 : min

T∑
t=1

ϕ∑
φ=1

τφ,t(u), ∀u ∈ U, � (8)

	
P 2 : min

T∑
t=1

ϕ∑
φ=1

Cmig
φ,t (u), ∀u ∈ U, � (9)
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s.t.

ϕ∑
φ=1

S∑
s=1

xφ,t+1(u, s) = 1, ∀u, t, � (10)

	

ϕ∑
φ=1

U∑
u=1

fφ,uxφ,t(u, s) ≤ Fs, ∀t, s, � (11)

	 τφ,t(u) ≤ Dφ, ∀u, φ, t. � (12)

Constraint (10) indicates that user u can only upload service φ to the same edge server s. Constraint (11) ensures 
that the migration decision conforms to the computational resource constraints of the edge server. Constraint 
(12) ensures that every service is completed within its deadline, where Dφ represents the maximum acceptable 
delay for service φ.

Adaptive service migration model based on DRL
Overview of model design
In this section, we design a high-performance service migration model based on deep reinforcement learning to 
address the specific problem of joint latency-energy consumption optimization in complex dynamic scenarios 
of mobile edge computing (MEC). This approach aims to overcome the limitations of traditional optimization 
methods that cannot adapt online and in real-time to complex environments, while extending the application 
scope of existing deep reinforcement learning methodologies. First, our reward function (balancing latency and 
energy consumption), state representation (including resource utilization rates and user-server distances), and 
action space (associated with edge servers) collectively support dynamic and competitive MEC service migration 
scenarios with dual-objective optimization. Subsequently, we integrate three mechanisms - D3QN, prioritized 
experience replay, and noisy networks - into a unified framework. These three components respectively 
contribute to stable policy training, adaptive and efficient policy exploration, and accelerated convergence of 
policy learning, thereby enabling holistic online adaptive decision-making for service migration.

Markov decision process
Within the MEC system, the Deep Q-Network DQN agent mitigates latency via strategic service migration 
decisions. The system state, comprising user locations and resource utilization of edge servers, is solely 
determined by the state in the preceding time slot. This prior state is ascertained by the migration decision 
enacted by the agent. Consequently, we conceptualize the service migration process using a MDP. In this MDP 
framework, the state space, action space, and reward function pertaining to the agent are defined as follows.

State space
Since the migration decisions of agents depend on the utilization of edge servers by geographical location, we 
define the state at time slot t as follows.

	 s(t) = {distu,l, ns,t, F ava
s,t , Ru,l, fφ,u, vsize

φ },� (13)

Here, distu,l is the distance between user u and its attached BS l, ns,t is the number of VMs created by ES s at 
time slot t. F ava

s,t  is the available computational resources for ES s at time slot t (in percentage), where 0 means 
no computational resource available for s. Ru,l is the uplink rate from user u to base station l, fφ,u is the number 
of CPU cycles needed to execute the service φ uploaded by user u and vsize

φ  is the size of data to be migrated 
for the service φ.

Action space
Upon receiving information regarding the state of the environment, the agent executes a sequence of actions to 
engage with it. In this study, it is assumed that each time slot service can be relocated to any server within the 
base station’s coverage area. Consequently, the action space is defined by the servers located within this specified 
coverage area, denoted as a(t) ∈ S.

Reward function
The aim of this study is to simultaneously minimize service delay and system energy consumption. To this end, 
we have devised a reward function that aggregates the negated values of the user’s quality of service and the 
system’s energy consumption. This formula is detailed below.

	
r(t) = (1 − τφ,t(u)

Dφ
) − Cmig

φ,t (u),� (14)

where (1 − τφ,t(u)
Dφ

) represents the quality service of the user, τφ,t signifies the time required for time slot t to 
process the user’s service φ, and Dφ denotes the maximum acceptable delay for service φ.

Network architecture based on noisy-dueling DQN
In the DQN model, the neural network can take the state s(t) of each time slot as input and map the action 
a(t). The proposed NPER-DQN comprises three distinct network layers: an input layer, a fully connected layer, 
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and an output layer. Initially, the state vector s(t) is fed into the neural network via the input layer, where state 
features are subsequently extracted by the fully connected layer. It is important to note that the Dueling DQN 
algorithm was employed in this process to compute both state and action values. Subsequently, the output layer 
determines the Q-value for each action by amalgamating the aforementioned state and action values. In the 
following sections, we provide a detailed elucidation of the Dueling DQN methodology.

In the standard DQN, the value function Qπ(s(t), a(t); θ) is approximated by the whole neural network 
directly. That is to say, the Q value for all actions are outputted in the output layer of the network without 
distinguishing the state value from the action advantage. In this case, it may happen that the agent only cares 
about the value of the state and ignores the difference caused by different actions. To avoid this problem, we 
decompose the Q-value function into a state value function V(s(t)) and an action value function A(s(t),a(t))40. 
Correspondingly, the neural network is split into a value branch for estimating V(s(t)) and an advantage branch 
for estimating A(s(t),a(t)). The final Q value is obtained by combining the outputs of both branches, as shown 
in Eq. (15).

	
Qπ(s(t), a(t); θ, α, β) = V (s(t); θ, β) + (A(s(t), a(t); θ, α) − 1

|A|
∑

a

A(s(t), a(t); θ, α)),� (15)

where α represents the parameter associated with the dominance branch, while β corresponds to the parameter 
linked with the value branch. Furthermore, |A| denotes the size of the action space.

In addition, we introduce noise in each layer of the network to replace the action exploration mechanism 
of traditional DQN. The fundamental premise of the Noisy Net approach entails the noisy parameterisation of 
weights and biases associated with the ith neuron within the neural network41.

	 ωij =µωij + σωij − ϵωij , � (16)

	 bij =µbij + σbij − ϵbij , � (17)

where µ = {µωij , µbij |∀i, j} is a learnable mean parameter. σ = {σωij , σbij |∀i, j} is a learnable noise 
amplitude parameter that controls the magnitude of the noise. ϵ = {ϵωij , ϵbij |∀i, j} samples the noise from a 
standard normal distribution.In this way, the output of the neural network is not only dependent on the input, 
but is also affected by the noise, thus introducing randomness in the selection of actions. Thus, in each fully 
connected layer (or other applicable layer), for input xi, the output yj  is:

	 yj = wij · xi + bij .� (18)

During training, the mean parameter µ and noise magnitude σ are learned simultaneously. This allows the 
model to automatically control the amount of exploration. Noisy Nets can increase their exploration at the 
beginning of training. As training progresses, the effect of noise decreases, allowing the model to gradually 
exploit its knowledge. At this juncture, the parameter θ in the value function Qπ(s(t), a(t); θ) is supplanted by 
an expression that amalgamates both the mean and the noise magnitude.

	 θ = {µ, σ}.� (19)

Framework of NPER-D3QN
Combined with the neural network structure given in “Markov decision process”, we will give a specific 
framework of NPER-D3QN as shown in Figure 2. The NPER-D3QN incorporates three primary modules: 
D3QN, Noisy Net, and Prioritized Experience Replay. (1) D3QN module. The D3QN algorithm comprises a 
Q-network and a target Q-network. The Q-network selects the optimal action a(t) based on the state-value 
function V(s) and the action-value function A(s, a), while the target Q-network is employed to evaluate the 
value of a(t). During training, the agent computes the loss using outputs from both the Q-network and its 
target counterpart. Subsequently, it updates the parameters of the Q-network and intermittently copies them 
to the target network to ensure stable training. (2) Noisy Net module. The Noisy Net incorporates learnable 
parameterized noise (µ, σ) into the weights w and biases b of both the Q-network and the target Q-network. 
This approach replaces traditional ϵ-greedy exploration methods, enabling adaptive and efficient exploration. (3) 
Prioritized Experience Replay (PER) module. In PER, the quadruple < s(t), a(t), r(t), s(t + 1) > is stored as 
experience in memory. Mini-batches of high-priority experiences are then selected in a fair manner to train the 
D3QN module, thereby breaking data correlations.

Agent configuration based on double neural networks
Traditional DQN algorithms use a maximum value operation to select actions and estimate future values in a 
way that can lead to overestimation. In an effort to counter the problem of overestimation during the Q-value 
updating process, this study utilizes two neural networks to ensure stable training: namely, the action selection 
network and the target network42. Specifically, the role of the action selection network is to identify and select 
the action that corresponds to the maximum Q value, given the state of the environment.

	
a∗(t + 1) = argmax

a

Qπ(s(t), a(t); θ, α, β).� (20)

The evaluation of a selected action by the target network is conducted using the subsequent equation.
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	 y(t) = r + γQtarget
π (s(t + 1), a∗(t + 1); θ, α, β).� (21)

The target network parameters are periodically aligned with those of the action selection network, ensuring 
minimal variance in target values. During training, the D3QN iteratively adjusts the parameter θ to minimize 
the loss function. When samples are introduced into the existing network, a Q value is determined via forward 
propagation. The mean square error (MSE) loss is then calculated between the derived Q value and the intended 
target Q value as specified subsequently.

	 L(θ) = E[(y(t) − Qπ(s(t), a(t); θ, α, β))2].� (22)

Subsequently, the network computes the gradient of the loss function with respect to the weights.

	
∂L

∂θ
= ∂L

∂Qπ(s(t), a(t); θ, α, β) · ∂Qπ(s(t), a(t); θ, α, β)
∂θ

,� (23)

Here, θi represents any specific parameter within the network. Following this, the network parameters are 
updated using the gradient descent algorithm.

	
θ ← θ − ψ

∂L

∂θ
,� (24)

where ψ denotes learning rate.

Noisy net-based action selection
Traditional DQN algorithms predominantly employ ϵ − greedy exploration techniques. The fundamental 
principle is that, when choosing an action, the current optimal action is predominantly selected. However, there 
exists a specific probability of choosing a random action (referred to as exploration). This probability is governed 
by the ϵ value.

	
a(t) =

{
Uniform(A), with probability p,
argmaxQπ(s(t), a(t + 1); θ), with probability 1 − p. � (25)

While ϵ − greedy is simple and easy to implement, there are some obvious drawbacks, such as the possibility of 
insufficient exploration in the early stages and the possibility of wasting time on unnecessary exploration in the 
later stages. Specifically, the Noisy Net introduces noise terms with learnable variance to the weights and biases, 
enabling the network to automatically control the balance between exploration and exploitation during training. 
Given an input state s, the network yields Q-values for all actions via forward propagation. The incorporation 
of noise introduces a degree of randomness to each forward propagation, facilitating exploration at the strategy 
level. Consequently, the action selection procedure is streamlined to: choose the action corresponding to the 
maximum value within the output Q-value vectors.

	 a(t) = argmax Qπ(s(t), a(t); θ, α, β).� (26)

Fig. 2.  A framework for adaptive service migration model.
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Priority-based experience replay
In the conventional DQN, the Experience Replay mechanism functions by storing experience fragments, 
denoted as s(t + 1) >, acquired from the agents’ interactions with the environment into a consolidated pool of 
experiences. Subsequent training involves randomly sampling from this pool. This process effectively decouples 
the correlation among samples, thereby enhancing data utilization. However, one problem with random sampling 
is that all experiences have the same probability of being selected, leading to underutilisation of samples with 
high learning value (e.g. samples with large TD errors). For this reason, we have introduced a Priority-based 
Experience Replay in D3QN. This mechanism records quaternions < s(t), a(t), r(t), s(t + 1) > as experiences 
in memory, increasing the probability that high-priority experiences are used for network training. The priority 
of experience i is determined by its temporal difference error δi

43, calculated as shown in (27).

	 δi = |y(t) − Q(s(t), a(t); θ, α, β)|,� (27)

Experiences with larger δ are prioritised higher as they contribute more to the update strategy. To ensure fairness 
in sampling, experiences are selected using a priority sampling strategy. The probability of sampling experience 
i is represented as P(i) and is defined in equation (28).

	
P (i) = pϑ

i∑
k

pϑ
k

, pi = |δi + ζ|,� (28)

where ϑ represents the degree of bias that controls the probability of being sampled, and ζ  is a minimum positive 
value to ensure that samples with δ equal to zero are not completely ignored.

When the memory bank stores sufficient experiences, the agent samples a mini-batch according to P(i) 
and feeds them into both current and target networks for training. After training, the Q-network evaluates the 
longterm cumulative reward of each state-action pair.The action, denoted as a(t), that maximizes the Q value is 
chosen deterministically as the migration strategy π(s(t)).

	
π(s(t)) = argmax

a

Qπ(s(t), a(t); θ, α, β).� (29)

Training of NPER-D3QN
Training algorithms
Training algorithms: Algorithm 1 outlines the training procedure for NPER-D3QN. Initialize an experience replay 
buffer D with a capacity of N , and randomly initialize the weight parameters of Q-network and target Q-network 
θ and θ− (lines 1-3). In each training episode, we set the initial time slot t and the initial state s(t) (lines 5-6). At 
each time slot t, we feed s(t) into Q-network and select an action a(t) according to the current policy. Then we get 
a new state s(t + 1), and a reward r(t) by taking action a(t), and save the tuple < a(t), r(t), s(t + 1) > to buffer 
D (lines 8-13). The priority levels of the experience samples housed in D are adjusted utilizing the temporal-
difference error, represented by δ (lines 14-15). Upon accumulation of a substantial volume of experiences, a 
priority-based mini-batch of data, denoted by < s(j), a(j), r(j), s(j + 1) >, is sampled from the dataset D. 
The Q-network processes s(j) as input, while the target Q-network uses r(j) and s(j + 1), generating outputs 
Qπ  and y(j), respectively. The model parameters, θ, are subsequently refined using gradient descent, informed 
by these outputs (lines 16-21). The migration policy, π, then derived as Eq. (29) (line 24). To ensure learning 
stability, the parameters θ of the target Q-network are methodically reset at each fixed time interval C (line 27).
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Algorithm 1.  Training algorithm of NPER-D3QN.

Complexity analysis
The D3QN embedded with Noisy Net with PER still maintains a superior scalability in terms of overall complexity. 
Specifically, Noisy Net only adds noise parameter sampling and computation to forward propagation, assuming 
that the number of network parameters is Y. The time and space complexity remains on the same order as the 
size of the network parameters O(Y). It does not bring about an extra burden. Then the replay of the priority 
experience introduces data structures such as Sum-Tree when sampling and updating priorities, increasing 
the time complexity from O(1) to O(logN). N represents the capacity of the experience pool. Consequently, 
the time complexity associated with a training update is O(Y + logN). Since Y is typically much larger than 
logN in practical applications, the main computational overhead of the algorithm remains concentrated on the 
forward and backward propagation through the network, with an overall complexity that increases only slightly 
compared to original D3QN, while space complexity is maintained at O(Y + N).

Performance evaluation
Experimental setup
Experimental environment
We employ a 6×6 grid environment as the simulation setup for mobile edge computing, with specific parameters 
listed in Table 2. In this environment, each grid cell deploys one BS, and we assume each BS covers its respective 
grid cell area, enabling communication with users within the cell. To better approximate real-world conditions, 
we randomly deploy 6 to 36 MEC servers among these BSs. Each server has a total CPU capacity of 7 billion 
instructions per second, 16GB memory, and service instance size of 0.5GB. Meanwhile, each server can host up 
to 10 virtual machines, with each VM having 0.5GB memory. We assume the number of users varies dynamically 
between 20 and 120. During each time slot, users move randomly in four directions (up, down, left, right) within 
the grid and offload tasks to ES. Each user u offloads tasks sized between 2-5 MB at time t, with all tasks having 
equal priority. The rate of task arrivals follows a Poisson distribution with the parameter λ having a range of 
λ = [1, 2]. Meanwhile, the CPU cycles required for each task are uniformly distributed, ranging from 50 to 
100 million instructions. The orthogonal resource blocks are allocated a bandwidth of 180kHz and a quantity 
of 50, with the user transmission power adjusted to 200 mW. The noise power during transmission is assessed 
at -174dBm/Hz, the path loss exponent is calculated at 3.75, and the power control factor is established at 0.25. 
Additionally, the backhaul delay coefficient for task migration is set to 0.02s/hop, with wired backhaul link 
bandwidth of 1Gbps and migration energy coefficient of 2. Specifically, we suppose that all the tasks can be 
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completed in a single time slot t, and we also assume that at the beginning of each time slot t, migration happens 
on the granularity of user-configured virtual machine level instead of the task level.

Model parameter
Table 3 specifies the training parameters for all models. The model undergoes 500 episodes, with each episode 
comprising 80 time slots. The experience replay buffer has a capacity of 10,000 samples, with a mini-batch size 
of 64 for random sampling. The noise parameters in the network are initialized to 0.017. The reward discount 
is fixed at 0.99, while the learning rate is configured to 0.001. We implement updates to the target network 
parameters on a schedule of every 50 episodes.

Evaluation metrics
For compute-intensive tasks, CPU performance directly affects application response time and processing 
capability, while memory and bandwidth have relatively minor impacts. Similarly to, we use the CPU as a metric 
to evaluate server resources and assess the efficacy of our solution through cumulative reward, average service 
latency, average migration energy consumption, and average migration rejection rate20. The cumulative reward 
refers to the total long-term return obtained by the agent during reinforcement learning, reflecting the model’s 
convergence and the effectiveness of policy optimization. A higher cumulative reward indicates that the model 
can gradually develop better resource scheduling strategies through training. Average service latency is defined 
as the mean service latency across all time slots. A smaller value indicates that the system provides more efficient 
service migration and a better user experience. The calculation process is shown in Equation (30). The average 
migration energy consumption is defined as the mean energy consumed in service migrations between servers 
across all measured time slots. This provides an insight into the overall cost associated with system services. 
The calculation process is shown in Equation (31). The average migration rejection rate is defined as the ratio 
of service migration requests declined due to resource scarcity to the total number of such requests. This metric 
measures the effectiveness of successful migrations. This rate is calculated as shown in Equation (32).

Parameter Symbol Value

Episode M 500

Time slots T 80

Replay Memory N 10000

Batch size n 64

Reward discount factor γ 0.99

Initial value of noise parameter σ 0.017

Target network update frequency C 50

Learning rate ψ 0.001

Table 3.  Hyperparameters of NPER-D3QN.

 

Parameter Symbol Value

Total BS locations |L| 36

Number of MEC servers range |S| 6 ∼ 36
Number of UEs |U| 20 ∼ 120

Service instance size vsize
φ 0.5 GB

Average task arrival rate λ P ∼ [1, 2]

Number of CPU cycles required by φ fφ,u 50 ∼ 100 MI

Offload task size of u at time slot t datau,t 2 ∼ 5 Mb

Resource block bandwidth W 180 kHz

Number of orthogonal resource blocks K 50

Baseline transmit power of users P 200 mW

Noise power N0 −174 dBm/Hz

Path loss exponent ϖ 3.75

Power control factor ς 0.25

Wired link bandwidth B 1 Gbps

Migration cost consumption factor η 2

Backhaul delay factor ρ 0.02 s/hop

Table 2.  Parameters of the simulated environment.
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τ̄ =

∑T

t=1

∑ϕ

φ=1 τφ,t(u), ∀u ∈ U

T
,� (30)

where τφ,t(u) represents the delay encountered by user u in the processing of service request φ within the time 
frame of slot t, while T indicates the total number of such time slots.

	
C̄ =

∑T

t=1

∑ϕ

φ=1 Cmig
φ,t (u), ∀u ∈ U

T
,� (31)

where Cmig
φ,t (u) represents the energy consumption associated with migration during time slot t to address the 

service request φ for user u.

	
rrej = nrej

nmig
,� (32)

where nrej  represents the count of instances, while nmig  denotes the overall quantity of migration requests.

Baseline methods
We compared our proposed method with six recently updated baseline methods, which are detailed below.

•	 DQN20: This scheme uses the traditional DQN algorithm for service migration.
•	 D3QN44: This scheme is an ablation of our proposed method, targeting latency and energy consumption, and 

using the D3QN algorithm for service migration.
•	 PER-D3QN45: This scheme is an ablation of our proposed method, targeting latency and energy consump-

tion, and using the PER-D3QN algorithm for service migration.
•	 Delay46: The scheme aims to reduce latency by integrating DDQN with LSTM, thus enhancing the long-term 

memory of the model.
•	 Dist18: The proposed scheme is an adaptation of the traditional DQN, specifically engineered to facilitate 

service migration based on terminal location. This consistently ensures a minimal distance between the user 
and the edge server (ES).

•	 AM: This approach is rooted in a conventional DQN, which facilitates the migration of services to the most 
suitable server within each time slot.

Experimental results and analysis
Convergence analysis
To thoroughly assess the efficacy of the proposed NPER-D3QN algorithm, we perform a comparative analysis 
against six benchmark schemes. This analysis considers various parameters, including convergence speed, service 
delay, migration energy consumption, and migration rejection rate. We first analyze the convergence speed of 
different solutions by quantifying their cumulative rewards. Figure 3(a)-(f) shows the cumulative rewards of 
different solutions under varying numbers of MEC servers when there are 60 users. Since the Delay and Dist 
solutions have different reward functions, they are not discussed here. In the initial stage, all solutions are in the 

Fig. 3.  Total reward depicting NPER-D3QN convergence rate with |U | = 60.
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exploration phase and need to continuously optimize migration strategies through trial and error. Among them, 
DQN, D3QN and PER-D3QN requires 100-150 episodes to converge, while both NPER-D3QN and AM can 
converge within 50 episodes. Due to its constant migration behavior, AM achieves the lowest cumulative reward. 
DQN, D3QN and PER-D3QN have the second-lowest cumulative reward because of its lower training efficiency. 
In contrast, NPER-D3QN can learn better strategies to make optimal trade-offs between QoS and migration 
energy consumption, consistently maintaining the highest cumulative reward. Specifically, NPER-D3QN is 
capable of making migration decisions based on dual criteria: the utilization of resources within the MEC servers 
and the geographical distance between the users and the servers. This approach allows it to minimize service 
latency and migration energy consumption respectively, thereby maximizing long-term rewards. Consequently, 
under resource-constrained conditions, NPER-D3QN achieves higher cumulative rewards than other solutions.

Figure 4 illustrates the delay and energy consumption during the training phase for various schemes. It 
is evident that the D3QN, enhanced by the incorporation of Noisy Net and the preferred experience replay 
mechanism, exhibits superior performance. Notably, its delay performance markedly surpasses that of the 
traditional D3QN. Concurrently, due to a more streamlined strategy selection, there is a discernible reduction 
in redundant exploration and unnecessary computations, leading to overall lower energy consumption. 
In comparison, the remaining six baseline methodologies exhibit shortcomings in both delay and energy 
consumption management, underscoring that the approach presented in this paper optimizes energy usage 
while simultaneously enhancing training efficiency.

Delay performance analysis
The aim of service migration is to enhance the user experience by diminishing service latency, which 
includes communication latency, computation latency, and migration latency. The primary factor influencing 
communication latency is the number of users, as it determines the volume of tasks. Figure 5(a) shows that 
communication latency remains relatively stable, even with an increase in MEC servers, and different schemes 

Fig. 5.  Communication delay performance of schemes with different numbers of MEC servers and users.

 

Fig. 4.  Latency and energy consumption during training for different scenarios when |U | = 60 and |S| = 24.
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exhibit similar communication latencies. However, when the number of users increases, as shown in Figure 
5(b), all schemes display a rising trend in communication latency. This can be attributed to the increase in 
users leading to a higher volume of tasks being uploaded, thereby increasing the communication latency. It is 
evident that the difference in communication delay under the seven scenarios is minimal. This is because the 
communication delay is only influenced by the task size and the transmission speed of the wireless link, and does 
not depend on the enhancement of the migration programme.

Figure 6 presents the performance of communication latency for all schemes under different conditions. As 
shown in Figure 6(a), the processing latency of each scheme decreases with the increase of MEC servers. The 
reason is that more servers provide more computing resources, so the schemes can offload tasks from busy MEC 
servers to idle ones. Consequently, this reduces task queuing duration and enhances resource utilization. Figure 
6(b)  demonstrates the processing latency performance with varying numbers of users. The results indicate 
that processing latency increases with more users, since the user count determines the number of tasks and 
consequently affects their processing time. Moreover, a higher task volume leads to insufficient computational 
resources, resulting in longer queuing times. Among the seven schemes, the AM scheme achieves the lowest 
processing latency. This is because AM minimizes queuing delays by frequently migrating tasks to idle servers. 
Our proposed scheme, however, must balance various latencies and migration energy consumption, and 
therefore avoids service migration when queuing delays are minor. As a result, while our solution shows slightly 
inferior processing latency performance compared to others, the difference remains small.

Figure 7 presents the migration latency performance of each scheme under different conditions. As depicted 
in the figure, an increase in either the number of servers or users leads to an upward trend in the migration 
latency of each scheme. This is due to the fact that as the number of servers increases, each scheme intensifies 
the migration frequency to reduce the processing latency of tasks. Conversely, when the number of users rises, 
the limited computing resources of servers require each scheme to frequently migrate services to less occupied 
servers, thereby minimizing queuing time. It is evident that our scheme consistently exhibits the lowest migration 
latency under various conditions. This is attributed to the fact that NPER-D3QN can optimally balance service 

Fig. 7.  Migration delay performance of schemes with different numbers of MEC servers and users.

 

Fig. 6.  Processing delay performance of schemes with different numbers of MEC servers and users.
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latency and migration latency, and can make migration decisions based on the difference in total latency before 
and after migration. The AM scheme constantly migrates services, resulting in a relatively high migration latency.

Figure 8(a) and (b) describe the average service latency of the seven schemes in terms of different numbers 
of MEC servers and users, respectively. As shown in Figure 8(a), the service latency decreases with the increase 
in the number of MEC servers. This is because more resources can be provided by more servers so that the tasks 
can be processed faster. The average service delay of NPER-D3QN is reduced by 7.4%, 14.2%, 5.3%,12.2%,64.3% 
and 74.6% compared to Delay, DQN, D3QN, PER-D3QN, Dist and AM, respectively. In Figure 8(b), service 
latency shows an upward trend with increasing user numbers. This occurs because more tasks lead to the 
creation of more virtual machines, resulting in higher processing latency. Therefore, appropriate migration is 
essential for reducing service latency. NPER-D3QN produces the lowest service latency, with reductions of 5.1%, 
21.5%, 9.8%, 20.1%, 68.4%, and 75.4% compared to Delay, DQN, D3QN, PER-D3QN, Dist, and AM schemes, 
respectively. This advantage stems from NPER-D3QN’s ability to migrate services to suitable MEC servers for 
processing. In contrast, Delay, DQN, D3QN and PER-D3QN exhibit lower learning efficiency and consequently 
make poorer migration decisions, while Dist and AM incur higher migration latency due to their frequent 
migration behavior.

Migration energy performance analysis
Another goal of service migration is to reduce operator cost by reducing the amount of energy consumed 
during migration. The amount of energy consumed during migration depends on the frequency and distance 
of migrations, i.e., the more frequently services migrate and the longer the migration distance, the more energy 
will be consumed. Figure 9(a) and (b) show the average migration energy consumption of the seven schemes 
in terms of different numbers of MEC servers and users, respectively. As shown in Figure 9(a), the migration 
energy consumption increases with the increase of the number of available MEC servers. The reason is that 
when there are more servers available, each scheme performs more migrations to reduce service latency. NPER-
D3QN produces lower migration energy consumption compared to Delay, DQN, D3QN, PER-D3QN, Dist, 
and AM schemes by 34.9%, 54.3%, 28.0%, 43.0%, 92.5%, and 95.2%, respectively. Similarly, Figure 9(b) shows 

Fig. 9.  Migration energy performance of schemes with different MEC servers and number of users.

 

Fig. 8.  Service latency performance of scenarios with different number of MEC servers and users.
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that migration energy consumption also increases with more users. This occurs because more users lead to 
more tasks, which require more frequent migrations to servers with sufficient computing resources. Among the 
seven scenarios, NPER-D3QN produced the least migration energy consumption, which was reduced by 21.6%, 
63.8%, 35.0%, 56.5%, 92.9%, and 94.9% over Delay, DQN, D3QN, PER-D3QN, Dist, and AM, respectively. 
This is because NPER-D3QN fully considers migration distance and minimizes unnecessary migrations. In 
contrast, Delay only considers service latency without accounting for migration energy. DQN, D3QN and 
PER-D3QN cannot make optimal migration decisions due to its learning inefficiency. Dist only considers the 
distance between users and MEC servers but ignores migration distance. AM results in high migration energy 
consumption due to its frequent migration behavior.

Migration rejection rate performance analysis
In light of the constrained resources within MEC servers, service migration does not always proceed successfully. 
When a migration attempt is thwarted, the system is compelled to either reassess its migration targets or altogether 
abort the migration, resulting in additional waiting delays that degrade user QoS. Figure 10 presents the service 
migration rejection rates for all schemes. In our experiments, if a server already hosts 10 services, it will reject 
additional services. As shown in Figure 10(a), when the number of servers is small, the service rejection rate is 
relatively high. Compared with DQN, Delay, D3QN, PER-D3QN, Dist and AM, our proposed scheme NPER-
D3QN has the lowest service denial rate, with average reductions of 9.1%, 32.7%, 5.9%, 2.2%, 35.8% and 42.9%, 
respectively. Figure 10(b) illustrates a direct correlation between an increase in users and the rate of migration 
rejection. This occurs because more users occupy more computing resources, leaving most servers unable to 
accept additional services. In contrast, the migration rejection rate of NPER-D3QN was significantly lower 
than that of the other six options, with reductions of 4.8%, 15%, 8.2%, 4.5%, 17.6%, and 19%, respectively. This 
superior performance stems from NPER-D3QN’s comprehensive consideration of server resource utilization 
when making migration decisions. While DQN, D3QN and PER-D3QN considers resources but fails to learn 
optimal migration strategies, resulting in suboptimal performance, Delay, Dist and AM schemes completely 
ignore resource utilization, leading to higher rejection rates.

Large-scale performance analysis
To evaluate the performance of our proposed method in a large-scale scenario47, we set the number of users to 
720 and the number of servers to 96 to test service latency, migration energy consumption, migration rejection 
rate, and system response speed. As shown in Table 4, for service latency, we record the average delay from when 
a user initiates a service request until it is completed and compare it with existing benchmark methods. The 

Methods Service delay Migration energy Migration rejection rate Mean runtime

AM 6.56 36.14 0.170 92.84

Dist 5.61 29.45 0.142 115.42

Delay 3.320 11.61 0.161 116.12

DQN 4.49 18.48 0.154 106.39

D3QN 3.17 6.51 0.148 107.67

PER-D3QN 2.824 4.12 0.151 105.1

NPER-D3QN 2.434 2.24 0.131 107.5

Table 4.  Large-scale performance and runtime of different methods.

 

Fig. 10.  Migration rejection rate performance of schemes with different MEC servers and number of users.
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experimental results show that the proposed method can effectively maintain low service latency under high 
user load, thus protecting the user experience. Compared with six baseline methods (AM, Dist, Delay, DQN, 
D3QN, and PER-D3QN), the maximum reduction in service latency achieved by the proposed method is 62.9% 
(AM), the minimum is 13.8% (PER-D3QN), and the average is 38.2%, which indicates significant improvement. 
Similarly, as the number of users increases, our scheme still maintains the lowest energy consumption at only 
2.24. When compared with the other six benchmark schemes, this represents maximum energy savings of 93.8% 
(AM), minimum savings of 45.6% (PER-D3QN), and an average reduction of 77.6%, demonstrating significant 
efficiency improvements. In addition, our scheme also maintains the lowest migration rejection rate as the 
number of users increases, achieving reductions of 22.9%, 7.8%, 18.6%, 14.9%, 11.5%, and 13.2% compared to 
the above six baseline schemes, respectively, with an average reduction of 32.4%, which remains significantly 
effective. This shows that as the user scale continues to expand, our method can always maintain its advantages 
of low latency, low energy consumption, and low rejection rate, indicating excellent scalability and robustness.

We implement the decision agent in our simulations as a logically centralized controller that collects required 
system state at the beginning of each time slot and outputs migration actions. This design facilitates benchmarking 
under unified policies, but for large-scale deployments, wide-area state collection may introduce communication 
overhead and raise concerns about scalability and privacy. Practical deployment favors hierarchical or divide-
and-conquer implementations, where large-scale MEC networks are partitioned into subregions with local 
controllers and lightweight cross-region coordination can support decentralized alternatives such as multi-agent 
DRL or federated DRL frameworks to enable distributed privacy-preserving decision-making.

Runtime analysis
We also evaluate the average runtime (s)47 of each method to analyze computational complexity and show 
the feasibility of real-time deployment. As shown in Table 4, we present the runtime per iteration for each 
method. Each iteration contains 80 time slots during which user positions may change. It can be observed that 
AM exhibits the shortest runtime, but its average service delay, migration energy consumption, and migration 
rejection rate are all the highest, indicating an inverse relationship between runtime and method performance. 
Delay demonstrates the longest runtime, followed by Dist, yet the overall performance of the former surpasses 
the latter. The performances of both methods (except for Delay’s migration rejection rate) remain inferior to 
the other four approaches. Our proposed method shows similar execution time compared to the other three 
methods, positioned at an intermediate level. Compared with the shortest-runtime method among the three 
(PER-D3QN), our approach increases runtime by 1.3% (1.4 s), while achieving over 15.3% improvements in 
average service delay, migration energy consumption, and migration rejection rate. The results demonstrate that 
our model achieves a favorable trade-off between computational efficiency and performance improvement, i.e., 
it can significantly enhance performance with minimal training overhead, which holds positive implications 
for practical real-time decision-making under the modeled assumptions. However, the end-to-end feasibility in 
actual deployment remains contingent on system integration factors (such as state acquisition costs and network 
dynamics), which require further validation in future work.

Conclusion
This paper addresses the service migration problem for multi-users in a Mobile Edge Computing (MEC) 
environment. Considering users’ mobility patterns, resource contention relationships, as well as the joint 
optimization of service latency and system energy consumption, we propose a novel systematic approach tailored 
to this specific complex problem. In theoretical modeling, we formulate the multi-user service migration problem 
as a constrained multi-objective optimization framework that minimizes both service latency and total energy 
consumption under resource competition. For algorithm design, we develop an enhanced Deep Reinforcement 
Learning (DRL)-based service migration model named NPER-D3QN. This model improves Q-value estimation 
accuracy through dueling Q-learning architecture and competitive networks, while incorporating prioritized 
experience replay mechanisms and Noisy Networks modules to accelerate convergence, thereby generating 
high-performance service migration policies. Regarding migration mechanisms, we transform multi-user 
service migration into sequential single-user migrations, which eliminates inter-user resource contention and 
avoids predicting user mobility trajectories, enabling adaptive real-time migration decisions. Simulation results 
demonstrate that compared with six baseline methods, our proposed approach achieves significant reductions 
in service latency, system cost, and migration rejection rate, with average performance improvements of 
31.53%, 59.39%, and 16.48% respectively, indicating the superior performance of the NPER-D3QN model. 
Furthermore, experimental results on large-scale scenarios and algorithm runtime show that our proposed 
method exhibits excellent scalability and low computational overhead. Despite the encouraging results, there are 
several limitations to this work. First, our evaluation is based on simulations and abstracted physical network 
infrastructure and protocol-level effects; thus, practical aspects such as signaling overhead, packet loss, and 
noisy/delayed state observations are not explicitly captured. Second, the energy model focuses only on migration-
related communication energy consumption and does not include full system-level energy components such 
as idle/active power of edge servers, cooling costs, or carbon footprint, which could impact absolute energy 
savings in practice. Third, we employ a logically centralized agent with wide-area state information access rights, 
which, while amenable to divide-and-conquer approaches for large-scale deployments, raises privacy concerns. 
In future work, we plan to validate the proposed approach using real mobility traces and/or an edge testbed, 
extend the modeling framework to partially observable settings, and explore the integration of decentralized 
implementation schemes (e.g., hierarchical, multi-agent, or federated DRL) with more detailed system-level 
energy consumption modeling.
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Data availability
All data generated or analysed during this study are included in this published article and its supplementary 
information files.
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