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Abstract—In the context of mobile edge computing, achieving
dynamic service caching and updating to guarantee the QoS of
users and reduce system costs is a challenging problem. However,
existing research still has certain deficiencies in considering the
dynamic behavior of users and the limited storage resources of
edge servers. To address this problem, this paper investigates
optimizing the service caching and updating problem within
multi-stage and proposes a novel framework with three proposed
strategies for the different stages to jointly optimize the delay
and cost. At the initial service caching stage, we propose a
basic caching strategy based on dynamic programming for
the single-area scenario, taking into account the constraint of
limited memory resources. To improve the caching strategy,
we extend our consideration to the multiple-area scenario and
design an improved algorithm based on tabu search. Given the
dynamic behavior of users, we formulate the joint optimization
problem as a Markov Decision Process (MDP) and design a
service extension strategy based on reinforcement learning at
the service updating decision-making stage and a replacement
strategy taking both the distribution of service replications and
service access frequency into account at the service updating
replacement stage to guarantee the QoS of users. We effectively
tackle the challenges arising from the dynamic behavior of users
and limited storage resources. Through extensive comparative
experiments, our approach outperforms traditional strategies by
significantly reducing user latency and system cost.

Index Terms—QoS-aware, dynamic service caching, service
updating, mobile edge computing.

I. INTRODUCTION

ITH the proliferation of smartphones, IoT devices,
Wand other connected gadgets, the demand for real-
time data and services has surged. Applications such as video
streaming, online gaming, and IoT services require low latency
and high bandwidth, presenting significant challenges to the
backbone network and cloud data centers. The traditional
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centralized cloud model, with its high latency, can result in
increased service response times and may struggle to meet
user demands during network congestion. To address these
challenges, mobile edge computing (MEC) has emerged as a
promising solution, deploying edge servers at the network’s
edge to bring computation and storage closer to end-users
and devices. This architecture enables low-latency and high-
bandwidth service delivery.

However, as the volume of services and users continues
to grow and user behaviors become increasingly dynamic,
managing service caching and updating on edge servers has
become a significant challenge. Traditional caching strategies
often result in resource inefficiency, while rigid updating
mechanisms may fail to meet the Quality of Service (QoS)
requirements of users. Thus, there is an urgent need to develop
a dynamic, QoS-aware approach to service caching and updat-
ing that ensures both user satisfaction and cost efficiency. The
limited storage resources available on edge servers, coupled
with the dynamic nature of user behaviors, complicate service
deployment. Specifically, three key challenges emerge: (i) How
to select services for caching and determine their optimal
locations, given resource constraints, while ensuring QoS
by avoiding latency from long-distance transmission across
multiple regions? (ii) How to balance performance under
the dynamic behavior of multiple users with the expansion
of service replications, while mitigating the associated cost
increase? (iii) How to determine the appropriate replacement
services at resource-constrained edge networks to optimize the
trade-off between cost and latency?

A. Motivation and Challenge

To balance the interests of operators and customers across
widely dispersed networks and achieve maximum efficiency,
dynamic service caching and updating involve determining
which services should be provisioned on specific servers
within the edge network. Figure 1 illustrates the motivation
and challenges of this problem in the context of QoS guar-
antees. At the top of the figure, a cloud environment hosts
five services, denoted as s; to s5, represented by cylinders
of different colors. These services are pre-provisioned at the
cloud data center by the operator. Each service is associ-
ated with specific user requirements, and users request these
services from the edge servers. The figure also shows four
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Fig. 1. Example of service caching and updating strategies in the mobile
edge computing network.

edge servers, labeled mj, mg, mg3, and my, each serving
distinct areas of the network. These servers cache and provide
services to users within their respective areas, with the goal of
minimizing latency and enhancing content delivery. Users are
represented by icons, with each icon corresponding to a service
request. The icons are color-coded to match the service they
are requesting, for example, users requesting service sj are
depicted with icons of the same color as the sy cylinder, and
similarly for the other services. The icons enclosed by solid
lines represent users currently requesting services in the area
during the current time slot, while icons enclosed by dashed
lines represent new users expected to request services in the
area during the upcoming time slot.

1) : In the initial operation phase of the system, all edge
servers begin with empty caches. The initial caching placement
is particularly crucial, as it directly impacts the system’s ability
to adapt to dynamic user behavior in the future. A suboptimal
initial placement can lead to inefficient resource utilization,
resulting in costly cache replacements. The primary challenge
is to determine which services should be cached on each
edge server to minimize user latency and enhance system
performance, considering the varying storage capacities and
computational resources of the edge servers. Caching decisions
must carefully balance the trade-off between minimizing
latency and avoiding high storage costs due to the limited
capacity of the edge servers. For example, in the geographic
area covered by mg, two types of services, s; and s5, are
required, each with different storage costs and sizes. However,
due to the limited storage capacity of msg, it is not feasible to
cache both services. One option is to cache sy, which requires
less capacity and incurs lower costs, but serves fewer users and
does not significantly reduce latency. Alternatively, caching s5
would serve more users and reduce latency, but comes with
a higher storage and cost burden. Therefore, it is essential
to develop a strategy that effectively balances the trade-off
between cost and latency under constrained storage resources.

2) : As user behavior evolves over time, the distribution
of service requests changes accordingly. This dynamic nature
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of user demand requires the system to adapt its cache by
updating replicas. The challenge lies in expanding service
replicas for newly requested services while managing the
trade-off between latency reduction and increased system
costs. This decision is non-trivial, as increasing the number of
service replicas can reduce latency but also introduce higher
storage and migration costs. Additionally, dynamic adaptation
to changing user mobility and request distribution patterns is
crucial. Balancing the trade-off between performance under
dynamic user behavior and the costs associated with service
replication is a complex task.

Consider service s3 from Figure 1 as an example. Suppose
user w1, who is requesting service s3 on edge server my,
switches to mj, while new requests for s3 are made on
servers mj, mg, and mg at time slot ¢ + 1. Provisioning
s3 on both m; and mo minimizes latency but incurs extra
storage costs. Alternatively, accessing s3 from the cloud
reduces costs but increases latency, making neither solution
entirely satisfactory. A compromise would be to provision the
replication of s3 on either m; or mg. However, determining
the optimal location for the replica is non-trivial. For instance,
placing the replication of s3 on m; would optimize latency
due to the higher number of users requesting s3 on mj.
However, for user ug, accessing s3 from m; would require a
detour via mg, leading to significant communication latency
when dealing with large data volumes. Conversely, placing
the replication of s3 on mg would optimize latency and
avoid extreme communication delays due to its complete
connectivity. However, because there are fewer user requests
for s3 on mg, accessing the service via neighboring servers
would be suboptimal for many users. Therefore, selecting the
appropriate locations for caching service replicas, considering
the distribution of user requests and optimizing both cost and
latency, is a non-trivial problem.

3) : When certain services experience decreased demand
or when edge servers run out of storage capacity, some cached
services must be replaced. The challenge lies in selecting the
optimal services for replacement to minimize both latency
and cost. Replacing inappropriate services can increase latency
and may lead to frequent replacements of the same services,
resulting in high overhead costs. The replacement process must
ensure that the system operates efficiently without causing
excessive delays or incurring unnecessary costs. Consider the
geographic area covered by mj as an example. Suppose a
new replication of service s3 is to be added to edge server
my, but the remaining capacity cannot accommodate s3. In
this case, a service must be replaced. One potential solution is
to replace s, which is significantly larger than s3. Replacing
s1 would free up more capacity for other services, and users
currently served by s; could request services from mo without
a significant increase in latency. However, migration costs
become significant if s; is frequently updated and replaced due
to its large size. Another solution is to replace sp, which serves
fewer users and incurs lower migration costs due to its smaller
size. However, since m; is the only server that caches sy based
on the distribution, replacing s would result in high latency,
as all users requesting so would need to access it through
the cloud. Therefore, determining how to appropriately replace
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services, considering both the total cost and latency, is a non-
trivial problem.

B. Contributions and Paper Organization

In this paper, we propose a novel framework with three main
strategies to address the service caching and updating problem.
These strategies are optimized based on the constraints of
server storage resources to ensure QoS for users and reduce
system costs under dynamic user behavior. Our contributions
can be summarized as follows:

o We investigate the dynamic service caching and updating
problem with the objective of minimizing the system cost
and user latency. We design the QoS model and the cost
model for user latency and system cost.

e We develop four algorithms to solve the problem in
three phases of service caching and updating. For the
first stage of service provisioning, we propose an initial
service caching algorithm based on dynamic program-
ming and tabu search. Since the users requesting services
change over time, we formulate the joint optimization
problem as an MDP and propose a decision strategy for
selecting services to extend and servers to provide repli-
cations based on reinforcement learning. After entering
the caching update stage, we develop a novel service
replacement strategy to update the services to be cached.

e We conduct extensive experiments to compare our algo-
rithms with several baselines. In these experiments,
we evaluate our algorithm alongside others using three
groups of datasets with varying scales. The experimental
results demonstrate the effectiveness of the proposed
service caching and updating algorithms across various
weight settings and datasets. The algorithms we designed
effectively provide the optimal service caching and updat-
ing strategy, guaranteeing the QoS of users and reducing
the system cost.

The structure of the remaining sections of this paper is orga-
nized as follows. Section II surveys related work. Section III
introduces the model and presents the problem. Section IV
explores strategies for addressing service caching and updating
problems. Section V presents the experimental results. Finally,
Section VI provides a summary of the entire paper.

II. RELATED WORK

In recent years, the promising technology of edge computing
has shifted computations from centralized clouds to distributed
edges closer to the user. Due to dynamic user behavior
and the limited and heterogeneous computing and storage
capacities of edge devices, caching and updating services are
necessary to guarantee user QoS and optimize costs. Various
studies have addressed this issue from different perspectives.
Some focus on cost reduction. Xu et al. [1] developed a
distributed service caching method to minimize the social cost
of all providers by introducing a novel cost-sharing model
and coalition formation game. Chen et al. [2] proposed an
online market mechanism to achieve cost efficiency in edge
demand response programs. Some studies focus on reducing
latency. Ko et al. [3] decoupled computation offloading and
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service caching with limited resources and latency, taking
user preferences into account. Li et al. [4] proposed a two-
stage caching approach aimed at reducing delays for mobile
video-on-demand users. Jin et al. [5] focused on jointly
optimizing the resource utilization of edge servers and physical
links under latency constraints. Some studies address the
service caching problem by jointly optimizing it with other
related problems. Gao et al. [6] optimized access network
selection and service placement for MEC to improve QoS
in a cost-efficient manner by balancing access delay, com-
munication delay, and service switching cost. Bi et al. [7]
and Zhou et al. [8] considered the joint optimization of
service caching and computational offloading as a mixed-
integer non-linear programming problem. Zhao et al. [9] and
Salaht et al. [10] designed efficient convex programming-based
algorithms to solve the problem of offloading dependent tasks
with service caching to minimize makespan. Sun et al. [11]
and Zhou et al. [12] proposed a recommendation-enabled edge
caching system. Chen et al. [13] investigated task allocation
in Multi-Task Transfer Learning (MTL) in edge computing
environments. Chen et al. [14] proposed an admission control
mechanism for time-sensitive edge services. Pan et al. [15]
optimized container caching jointly with request distribution.
Some studies employed deep learning and reinforcement
learning algorithms for caching strategies. Wu et al. [16],
Wu et al. [17], Pei et al. [18], and Sun et al. [19] made infer-
ences using DNN models. Lei et al. [20] and Wang et al. [21]
trained deep neural networks to predict the behavior of
terminal devices. Qu et al. [22] formulated a parameter-sharing
model placement problem to maximize the cache hit ratio
in multi-edge wireless networks by balancing the tradeoff
between storage efficiency and service latency. Some studies,
such as [23], on dynamic service caching, often assume
relatively stable user request distributions or model changes
within a predefined framework. However, as user behavior
and request patterns in edge computing environments can
evolve rapidly, many of these methods fail to account for
such dynamic fluctuations. This creates a gap in addressing
the complexity of real-world edge computing applications,
where service requests can vary significantly over time due
to factors like user mobility and changing content demand.
In contrast, our work introduces a dynamic approach that
considers user behavior and request distribution changes over
time. We propose caching strategies that can dynamically
adjust based on real-time user demands, which is critical for
large-scale edge computing systems.

To address the challenge of dynamic user behavior, some
existing works on service updating have been proposed, which
focus not only on the hit ratio but also on service updating.
Huang et al. [24] proposed a refined segment-based cache
update strategy to improve system throughput and segment hit
ratio. Li et al. [25] proposed a priority- and LRU-based cache
replacement strategy that selects cache files by size, heat,
and user access characteristics, dynamically increasing replicas
as needed. Ugwuanyi et al. [26] proposed a modified least
frequently used cache replacement method that considers not
only the frequency of data in the cache but also the frequency
of newly received requests. Zhou et al. [27] modeled the
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cache replacement process as an MDP and used a distributed
edge caching method for intelligent caching. Yuan et al. [28]
focused on the number of file copies and designed two greedy
algorithms for caching and replacing content. Wei et al. [29]
defined the cache value based on the priority of the compu-
tational task and proposed a cache replacement strategy using
the ideal point method. Li et al. [30], Anokye et al. [31],
and Wang et al. [32] proposed solutions based on deep
reinforcement learning. Pham et al. [33] proposed an efficient
strategy for selecting caching services and scheduling tasks
in edge computing networks with multiple access points.
Kazari et al. [34] proposed a cache update policy considering
dynamic popularity for file requests. Yu et al. [35] opti-
mized caching decisions based on predicting vehicle driving
trajectories and travel preferences. Li et al. [36] proposed
two modules, Delayed-Eviction and Unified-Standard, for
existing caching replacement strategies to improve caching
performance. Zhang et al. [37] transformed a traditional file
caching algorithm to handle delayed hits.

Existing methods typically treat service caching and updat-
ing as a single-stage optimization task. While effective in
simpler, single-phase systems, these methods struggle to han-
dle the complexity of multi-stage caching management. Our
work introduces a phased strategy that divides the caching
process into three stages. This approach allows us to target spe-
cific problems at each stage and apply appropriate optimization
techniques, thereby improving overall performance. In this
paper, we investigate strategies for caching and updating
services, considering service replication distribution and the
frequency of service access under limited resources, with the
goal of optimizing user QoS and system cost.

III. PROBLEM FORMULATION
A. System Model

As shown in Figure 1, we consider a three-layer network
architecture consisting of a cloud data center, edge servers,
and mobile end users. We assume that the services required by
the users have been pre-provisioned on the cloud data center
by the operators, represented as the set 8 = s1, s2,. .., 5;. For
each service requested by users, we record the information in
a tuple as s; = (cs;, ps;), Where cs; is the storage capacity
occupied by s; and ,; is the storage cost on an edge server.
To scale the service areas, we assume that each service can
have multiple replications on several edge servers. Let N (s;)
represent the total number of replications, where N(s;) =
> vmem Z(my, s;). Here, z(my, s;) € 0,1 denotes whether
service s; is replicated on server my. The caching cost is
ps; for each replication of service s;. We use ¢ to denote
the cloud data center, with its computation resource given by
Rccal. In the edge layer, the set of edge servers supported by
the operators is denoted as M = my, mo, ..., my. The storage
resource of edge server my, is represented by R, . In the user
layer, we denote the set of users as U = ug, ug, ..., u;. Each
user requires a service, and for each user u;, we use a triplet
i = (Qu;» uzl Ky;) to capture the user’s information. Here,
qu; represents the service requested by user u;, zﬁfl is the
amount of task data, and ~,,; denotes the server on which user
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TABLE I
SUMMARY OF MAIN NOTATIONS IN THE SYSTEM MODEL

Notation Definition
[ The cloud server, where ¢ = (RS%).
S Set of services, where S = {s;}.
S; The j-th service, where s; = (csj , (psj).
M Set of edge servers, where M = {my }.
my, The k-th edge server, where my, = {R7, | ng]i .
U Set of users ,where U = {u;}.
u; The i-th user, where u; = {qu,;, zﬁfl, K }-
sz:l The amount of task data of u;.
dml The latency to calculate the task from wu;.
d“’mm The latency of w; to communicate to other servers.
l(m T r) The network propagation distance between my, and
my.
A(mkﬂmk/) The transmission speed between my, to my/.
le The network propagation distance from users to
cloud server.
be The bandwidth between users and cloud server.
n The efficiency about bc.
Cstor The total cost to store services.
cmegr The total cost to migrate service replications.

u; is located. The symbols and definitions used in this paper
are summarized in Table I.

B. QoS Model

We present a Quality of Service (QoS) model for users,
which consists of delays in computation and communication.
We consider the problem of caching and updating services in
a three-tier edge cloud topology, where all services provided
by operators have already been pre-provisioned in the cloud,
and some services are selectively provisioned on edge servers.
When users request services that are available both in the cloud
and on edge servers, we prefer to use the services from edge
servers to process the tasks.

We define D as the total delay, which is the sum of two
components: the computational delay dcal and the commu-
nication delay d;>™". The total delay can be calculated as
D= Zuieu(dcal + dg?™™). For the computational delay,
dﬁfl , there may be different delays based on the location of
the service. If the service that user wu; is accessing is deployed
on edge server my, the computation delay on the edge server
is given by dcal(mk) = 28 /R where 25

of task data for user u;, and Rcaf represents the computation
power of edge server my. However if the service is not
deployed on the edge server, the user must access the cloud
to use the service, and the computation delay is given by

is the amount

dffl(c) = C“l/ RE™, where RS is the computation power of

the cloud. Therefore, the computation delay for u; is:d Cal
dcal(mk)'z(m )+dcal( ) (1_ ) h _
i k> S x(my, sj)), where x(mk,sj)

is denoted as the status indicating whether s; requested by
u; located on edge server my(Vmy, € M), ie., z(my,s;) €
{0,1}.

The communication delay d,;°"""™ can be determined sim-
ilarly. If the service is located on an edge server, the

communication delay from user u; to edge server my is:
comm(my) _ _cal
duy; = 2y l(mk,mk/)/)‘(mk,mk/)’ where l(mk my)

is the network propagation distance and /\(mk,m ) is the
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transmission speed between the edge server located near the
user and the edge server providing the service. If the service
is accessed from the cloud, the communication delay is given
by: dg?™™) = zeal. i /n- b, where be is the bandwidth, k is
the network propagation distance from the user to the cloud,
and 7 is the efficiency related to b.. Thus, the communication

deomm — dﬁomm(mk) ca( comm(c)
U i

delay for wu; is: My, 85) + dy, .

(1 — z(my, 85)), where Vmy, € M.

C. Cost Model

The costs involved in this work primarily include the storage
costs of services, C'*'°7, incurred by caching services on edge
servers, and the migration costs, C™9" which are incurred
when migrating service applications during service updates.
The total cost is calculated as:C = ZSJ,GS(CL;“’;O’" + C’glgr).
For service s;, the storage cost on one edge server is denoted
by s, and the total number of replications of s; in the system
is Ns].. Therefore, the total storage cost of sj can be defined
as: C;;t‘”“ = N, - ps;. If the edge server at the user’s location
does not have the requested service, the user can request the
migration of the service from a nearby node where it is already

deployed. The migration cost of s; from edge server my to

my, can be calculated as: Cglgr(mk’m’“/) =T Cs; Uy, my)-

If the destination server is the cloud, the migration cost is
given by: Cglm(mk’c) =" Cs; - le, where Cs; is the storage
capacity occupied by s;, and [ is the network propagation
distance between the cloud and my,. The coefficients vy, and 7,
represent the factors associated with migration to edge servers

and the cloud, respectively

D. Problem Formulation

Given the system cost and user QoS, our research objective
is to design a dynamic service caching strategy that jointly
minimizes the total delay and cost. Thus, our optimization
objective is:

P;: min {D,C} (1)
z(my,s;)
s.t. Z cs; < Ry, Ymp €M )
Sjesmk

z(my, sj) € {0,1},

where S,,, represents the set of services cached on edge
server my. The constraint (2) means that the total capacity
occupied by services placed on the server my is no more than
its storage resources. The constraint (3) restricts the maximum
number of replications of one service on the same server to
one. Since P; is a multi-objective optimization problem, we
can assign different weights to latency D and cost C based
on preferences for QoS and cost, aiming to minimize the
weighted sum of latency and cost to solve this problem. Thus,
the optimization objective P71 can be transformed into Po:
Py : min {aD+ 5C} (@)
z(my,s;)

5.£.(2)(3)

mG S M,VS]‘ €S 3

where o and (3 are the weight corresponding to D and C.
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IV. ALGORITHM DESIGN

In this section, we present three main strategies to solve
the dynamic caching and service update problems in a cost-
effective manner. These strategies are designed to align with
the service placement process and user behavior patterns,
and the entire process is divided into three stages: initial
service caching, service update decision-making, and service
update replacement, with the goal of maintaining an optimal
objective value at each stage. During the initial service caching
stage, a strategy must be developed to enable edge servers
to cache the most appropriate services, thereby achieving
a favorable objective value. As the process advances to
the service update decision-making stage, caching extension
decisions are made based on the dynamic changes in user
requests and the service caching status from the previous
stage. In the service update replacement stage, decisions are
made regarding which services to remove from the cache
and which services to extend. The quality of the caching
results from the initial service caching stage has a direct
impact on the outcomes of the subsequent stages. To address
the specific challenges at each stage, strategies have been
developed to enhance the overall objective value. First, an
initial service caching strategy is introduced, which considers
the distribution of user requests using a dynamic programming
approach. Additionally, user mobility is accounted for by
implementing an innovative selection strategy to determine
the inclusion of service replications and designate the servers
responsible for hosting these replications. Finally, a caching
replacement algorithm is formulated to manage situations
where the available capacity is insufficient to accommodate
the designated services for caching.

A. Initial Service Caching

The initial service caching problem is aimed at selecting
appropriate services to cache on each edge server to mini-
mize latency and cost, particularly given the constraints of
limited storage resources. We address the problem from two
perspectives: the single-area scenario and the multiple-area
scenario.

1) Single-Area Scenario: In the single-area scenario, we
transform the initial service caching problem into a knap-
sack problem by introducing the concept of service value.
This approach involves selecting services of varying sizes
to maximize the total value that an edge server can offer.
Based on the analysis of the area covered by an edge server,
we propose the service value to evaluate the value of the
requested services in this area at the current time, which can
apply to synchronously or asynchronously arriving users. The
optimization objective of the algorithm is to maximize the
value obtained within the limited capacity for each edge server
by adjusting the caching scheme. For each server, we use
W(s;) to denote the value of s;, which differs depending on
whether it is cached on the server or not.

Definition 1 (Service Value): Let ¥ (s;) indicate the service
value of s; during the initial caching process, where ¥(s;) =
0 Y U (s (i w(mgs) — S, - (L= a(my,57)) —
Beps, - z(my, s;), U(s;) represents the set of users requesting

Authorized licensed use limited to: BEIJING UNIVERSITY OF TECHNOLOGY. Downloaded on August 17,2025 at 11:49:54 UTC from |IEEE Xplore. Restrictions apply.



3360

Algorithm 1 USC Algorithm

Require: S, M, U.

Ensure: initial service caching strategy I.
1: initial I = &;

2: for m; € M do
3 Construct and initialize V table;
4 for s; € S do
5: Calculate the service value ¥ 555
6 for r <~ 0 to Ry, do
7 if cs; < T then
8: V[sj][r] = max{ V[s;_1][r] +
U (s;), Vsjo1]lr — cs;] + 0¥ (s;)};
9: else
10: Visillr] = Vsj—1][r] + ¥"(s;)
11 Backtrack V to obtain the optimal scheme I(my,);
12: I=TUI(my);
13: Return I
5, dy.* is the total delay of using replications from my, and

dy,, is delay from the cloud.

Here, we use z(my,s;) to represent whether to cache
sj on server my. When s; is chosen to cache on my,
ie., z(my,s;) = 1, the service value will be W¥(s;) =
_O‘ZuieU(s]v) du* - x(my, s;) — Beos, - z(my,s;). On the
contrary, if s; is not chosen as a cache for my, ie,
x(my, sj) = 0, there is still a service value that is ¥"(s;) =
—« ZuieU(sj) dy, - (1 — x(my, s;)). Based on that, we can
use dynamic programming to find the optimal service caching
strategy for each edge server within the constraints of stor-
age resources, maximizing the value of the servers. Using
dynamic programming, we decompose the target problem into
subproblems that find a caching strategy to maximize the value
obtained within the constraints of limited capacities.

In this subsection, we introduce a novel algorithm to
address the initial service caching problem, named USC
(User-oriented Service Caching), designed for multiple users
within an edge network. The goal of the algorithm is to
determine an optimal caching scheme for each edge server
using a dynamic programming approach. The detailed steps of
the algorithm are outlined in Algorithm 1. To begin, several
preparatory elements are required for the algorithm, including
a set of edge servers denoted by M and information about
the requested services represented by S. We also require
information concerning the set of users U requesting services
that are distributed in each area, including details such as task
sizes, computational power, and memory resources allocated
to each edge server. We initialize the initial placement strategy
I and set it to empty in line 1. The strategy stores the service
placement information for each server, recording which service
is placed on which server. We use the dynamic programming
method on each server to obtain the best service provisioning
strategy, and the strategies of the edge servers together consti-
tute the initial placement strategy I. For each edge server, we
construct the value table V to store the value obtained with
different capacities in line 3. In line 5, we calculate ¥(s;) for
each service requested at the edge server based on the service
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Fig. 2. Examples of the influence of the regions on the results.

value. Then, we update the table V according to the recursion
relationship between the subproblems in lines 6 to 10. In this
step, we use V[s;][r] to denote the maximum value obtained
by introducing s; under the constraint of capacity r, which is
equal to the higher value between V[s; 1][r — cs;] + W¥(s;)
and V'[s;_1][r]+¥"(s;), corresponding to caching s; and not
caching it. When we finalize the V table of an edge server,
we can trace it back to obtain the optimal scheme I(my) of
the edge server in line 11. We merge all the optimal schemes
of servers to acquire the initial service caching strategy I for
the system in line 12, and we return the initial service caching
strategy in line 13.

The time complexity of Algorithm 1 is O(|]M]| x |S| x
(R + 1)). The time complexity of this algorithm primarily
depends on the number of iterations in three loops. Since we
consider a single server when dividing the subproblem, we
have to run through all servers in the set M for the outer loop,
which corresponds to |M|. On this basis, we consider that all
services can be placed on each server, representing [S| for the
second loop. For each server, we use R = max ank‘mkEM
to represent the maximum storage capacity of the server in
the set M. The third loop iterates a maximum of R+1
times, which represents the number of steps taken by the edge
server with the largest capacity. At the step of backtracking, it
needs to search the cache state of each service in the V table,
which corresponds to [S|. Therefore, the time complexity of
the algorithm is O(|M| x [S| x (R +1)).

2) Multiple-Area Scenario: The solution derived from the
USC algorithm in a single-area scenario has certain limi-
tations. For example, consider the simple scenario depicted
in Figure 2, where there is a significant difference in user
requests between the areas covered by m; and mg, as well
as in their storage capacities. Figure 2(a) shows the service
caching scheme that considers only the request situation in
a single area. Although m; receives numerous requests, its
storage capacity is limited to caching only one service, either
s1 or s. Since the value of service s; is higher than that of
s2, the scheme for m; caches s;. Despite the large storage
capacity of mg, there is only one request for the s; service, so
mg also caches sq. In this scenario, users in the area covered
by m; who request so can only access it through the cloud,
leading to increased service delays and unnecessary overhead
due to the redundant placement of s;. This demonstrates that a
caching scheme focused solely on a single area is not ideal, as
it results in excessive service replication and fails to effectively
utilize the less busy, large-capacity edge servers. To improve
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Algorithm 2 USC-TS Algorithm

Require: 1.

Ensure: improved service caching strategy I*.
I: Set I« I;

2: Set I* «— I and calculate the objective value O*;
3: Set the maximum length of the tabu list to be L;
4: Set the number of solutions in set N to be 91;

5: Set the maximum number of iterations I';

6: Initialize TL = @,

7. while h <T' do

8: Generate 91 neighbor solutions based on I

9: Update set N;

10: Choose the solution with I’ = arg min{O(I') |y en};
11:  if I’ not in TL or O(I') < O* then

12: Update I « T';

13: if the length |TL| > L then

14: Remove the oldest solution in TL;

15: Add I to TL;

16: if O(T') < O* then

17: Update I* «+ T';

18: Update O* < O(I');

19: Update h < h + 1;
20: Return I*.

the original service caching algorithm, we extend our analysis
by considering the distribution of user requests in these two
areas, m; and mg, and allocate the resources in such a way
that the quality of service and overhead requirements are met
simultaneously. Figure 2(b) illustrates a caching scheme for
the multi-area scenario, which efficiently leverages adjacent
edge servers. To address the above problem, we propose a
more efficient caching scheme by aggregating server resources
and user request data within a multi-area scenario. According
to the feasible solution obtained by the USC algorithm as the
initial solution, we introduce an improved strategy based on
tabu search to explore the approximate optimal solution called
USC-TS to avoid the redundant overhead caused by the lack
of timely exchange of regional information.

The main idea of our scheme is to start with an initial
feasible solution and then explore a series of specific search
directions, selecting the direction that yields the most sig-
nificant improvement in a specific objective function value.
The specific steps are outlined in Algorithm 2. We use the
caching strategy I obtained from the USC algorithm as the
initial feasible solution and aim to derive the best possible
solution, I*, through our algorithm. Additionally, we calculate
the corresponding best objective value f(I*).

To further refine the search process, we determine the num-
ber of solutions to explore by setting the number of neighbor
solutions as 91 in line 4 of the algorithm. To discourage the
search from coming back to previously-visited solutions, the
tabu list is introduced, and we set the maximum length of
the tabu list TL to be L and initialize the list as empty in
line 3. Lines 7 to 18 demonstrate how the algorithm iteratively
searches for the approximate optimal solution. We use I' to
represent the maximum number of iterations. Based on the
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current solution I, we generate a group of neighbor solutions
and update set N. Then, we select the best solution with the
minimum value of O(I') where I = arg min{O(I') |y} in
line 10. The selection of the solution must fulfill the following
conditions, either I’ does not exist in the tabu list or the tabu
tenure condition is fulfilled, whereby the objective value of
the chosen solution is less than O*. Otherwise, the neighbor
solutions must be recreated, i.e., go back to line 8. We then
update the current solution I with the selected one I’ and add
it to the tabu list TL in lines 12 to 15. If the tabu list is full,
i.e., the length of the tabu list exceeds the limit |TL| > E, we
need to remove the oldest solution in TL. Subsequently, we
update the best solution I* and O* if the objective value of
the selected solution O(I') is lower than O*. At the end of the
iterations, we obtain the final best solution, I*, representing the
improved service caching strategy obtained by the algorithm.

The time complexity of Algorithm 2 is O(I' x 9t x L). The
initialization operations can be regarded as constant in time
and therefore negligible. The time complexity of generating
neighbor solutions is proportional to the number of solutions
in the set, which is O(91). Selecting the best solution from
a set of neighbor solutions requires traversing the neighbor
solutions, resulting in a time complexity of O(91). Checking
whether the selected solution exists in the tabu list can be
performed up to L times per iteration, so the time complexity
of this operation is O(L). Given that the entire tabu search
process iterates I' times, the overall time complexity of the
algorithm is O(T" x M x L.).

B. Service Updating Decision-Making

In this subsection, we investigate the problem of the service
update decision-making stage considering the dynamics of
user requests and positions.

1) MDP: Due to the dynamic nature of user behavior, new
service requests frequently arise within the area. To ensure
Quality of Service (QoS) for users, we propose caching new
services on edge servers by migrating service replications
from other servers, while also considering associated costs.
We model this scenario using a Markov Decision Process
(MDP). The state space Z defines all possible states of service
selection, and we represent the state at step 7 as zr =
[s1,82,...,5;]T, where the selected services are denoted by the
vector. The action space A defines all possible states of server
selection, with a7 = [M(s1), M(s2),...,M(s;)] representing
the action taken at step 7. This action consists of selecting
servers from replication groups for each service. The function
M(s;) = [¢(my)]|my, € M specifies the set of all servers that
host the service s;, where ¢(my) is an indicator function:
¢(my,) = 1 if the replication of service s; is placed on server
my, and ¢(my) = 0 if it is not. We use P to denote the
probability of users reaching other servers. The reciprocal of
the total value provided by the service to users is considered
the reward, r7, where r, = 1/(aD 4 SC). The decay factor
~ is defined in the range [0, 1].

The long-term reward G, associated with the current
state is determined by the Markov chain, with different
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chains corresponding to different long-term rewards. The long-
term reward is given by: Gr = rr41 + Yrr42 + -0 =
Py v¥ 7. | 141.Consequently, the value function V() rep-
resents the expected long-term reward for the current state,
which is the expectation of all state transition chains starting
from zr: V(z;) = E[Gr|z=2]. According to the definition
of the value function, we can derive the Bellman expectation
equation:

Vizr) = Elrrg1 + 7V (2r41l2=2, )]
= T(ZT) + v Z PzT_>ZT+1 V(z7'+1)
2r+1€%Z
- Z 7T((I|Z) ’f’gT + Z PZTA)ZT+1 V(ZT+1) ’
a€A Zr41€2
®)
where 1., = E(rr11), Zz7—+1€Z Posor i V(1) =

E(V(zr+1l2=2)), and 7(a|2) = Pla = ar]2 = z].

The process of solving is to continuously search for
the best m, eventually forming a deterministic policy.
The state value function is wvrz(2) = FEx[Grl,=z]| =
Ex[riqe1 + ~yvr(2r41)|z=2]- The action value func-
tion is g¢r(z,a) = Eﬂ[Gt|z:zT,a:aT] = Exlrr41 +
Yqr(%r+41; @r41|2=2,,a=a,)]. The value of a particular state
can be represented by the values of all actions in that
state, namely vr(z) = > ,ca7(alz) - ¢r(2, a). Similarly,
the value of a particular action can be represented by the
values of the successor states of that state, that is ¢ (z, a) =
re Y2z ez Pl sz - Un(2r41). We can conclude
that there exists an optimal policy 7*, such that 7* > Vr,
and all optimal policies can achieve the optimal state value
function as well as the optimal action-value function. We
can use the Q-learning approach to solve the Bellman
optimality equation for the action value function, thereby
obtaining the optimal policy, where the Bellman optimality
equation for the action value function is ¢*(z,a) = r2 +
Y2z 1€z P2z 1 v (2r+41)- The Bellman optimality equa-
tion for the state value function is v*(z) = max,(¢*(z, a)),
and Substituting v*(z) into the equation gives ¢*(z,a) =
Te YD €T Po sy MAXa, (€7 (2415 Gr41))-

2) Decision-Making: To obtain an elegant solution, we
approach the problem in two steps. First, we establish an
appropriate threshold to preliminarily screen the services.
Second, we apply reinforcement learning to further refine
the service selection and determine the most suitable edge
server for providing replication for the selected services. To
simplify the subsequent selection process, we design a straight-
forward algorithm called PSS (Primary Services Selection) for
the preliminary selection. The specific steps are outlined in
Algorithm 3. For each service, we define a replication group
f(s;), which consists of edge servers that have cached service
s;j at the current time, as shown in line 2. We introduce latency
response gain to assess the benefit of adding a replication for
each service. In line 3, we calculate A%k for each service.

Definition 2 (Latency Response Gain): Let Af{% be the
latency response gain of the service s; requested from the edge

S5 .
server my, and Ap, = Ty s, — Ty, ., Where Ty, g is
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Algorithm 3 PSS Algorithm
Require: RS, , U, I*.
Ensure: US,,, , F(US,,,).
1: for s; € RS, do
2 Set f(s;) according to I*;
3 Calculate latency response gain Afgk;
4 if Ay, > 0 then
5: Calculate benefit-cost ratio H;ij?
6
7
8
9

if H,), > Hy then
USy,, = USyy, U s;j;

: for 5; € USyy,, do
F(US;,,) = F(USy, ) Uf(sj);
0: Return US,,, , F(US,,, ).

—_

the total latency of all users, who request s; to my, without
sj being cached on my, and T;nk’ 5. 1s the total latency of all
users who request s; to my, after s; has been cached on my,.

Here, Thy,s; = du*' (sj) when there are replications of
sj near my, where my is a randomly selected edge server
with a replication of s; close to my. Alternatively, when no
replications of s; are nearby, Ty, s, = df, (sj) represents the
delay in retrieving s; from the cloud.

Based on this, the request to extend the service replication
will only be considered if the gain Af{gk is positive. We define
the benefit-cost ratio and establish an appropriate threshold
Hy for primary selection. Services with a benefit-cost ratio H
higher than Hy can proceed to further selection. We use US,;,
to denote the set of services that meet this criterion.

Definition 3 (Benefit-Cost Ratio): Let Hfr{k indicate the
benefit-cost ratio of s requested to myg, and H;{k =
Af,jlk / C’;{k, where Cf,{k is the cost of migrating the replication
from the other server of s; to my.

In lines 4 to 7, we calculate Hﬁ{k for services that satisfy
Af,jlk > 0, and select those services for which Hﬁ{L > Hy to
be included in USmy,. In lines 8 to 9, we obtain the replication
group set F(US,;,, ) corresponding to the services in US,;,, .

For further selection, we propose a decision-making strategy
called SUD (Service Updating Decision-making based on
QoS) for selecting services and edge servers. We select
services from US;,, to cache and choose an edge server for
each service from F(US,, ) using reinforcement learning. The
specific steps are outlined in Algorithm 4. In lines 1 to 8, we
construct the Q-table, which includes both the state space and
action space. In line 9, we initialize the values of all entries
in the Q-table to zero.

Definition 4 (Q-Table): We create a two-dimensional
matrix of size |Z| x |A4| as our Q-table. We use reward to
update the Q-table as follows: Q(zr, a(zr)) < Q(zr, a(z) +
u(r + o maxee s Q(zrs1, a) — Q2r, alzr)).

In this approach, the entries in the Q-table represent the
expected rewards associated with taking specific actions in
particular states. For each step, we select which servers will
provide replications for the services by choosing the action
with the highest value in the current state or, with a certain
probability, randomly selecting an action, as described in lines

Authorized licensed use limited to: BEIJING UNIVERSITY OF TECHNOLOGY. Downloaded on August 17,2025 at 11:49:54 UTC from |IEEE Xplore. Restrictions apply.



LU et al.. ENHANCED MULTI-STAGE OPTIMIZATION

3363

Algorithm 4 SUD Algorithm

Algorithm 5 SRD Algorithm

Require: US,,, , F(US,,, ).
Ensure: US|, , F'(US;,,)
1: for s; € USy,, do

2 if select s; then

3 z 4+ sU 853

4: for s; € s do

5 for m;, € f(Sj) do

6: if select m;, then

7: as; < Mmy;

8 a+—aU as;;

9: Initialize Q(z, a);

10: for episode + 1 to MAX do

11: while not terminal do

12: if Random() < € then

13: Select a random action a(zr);
14: else

15: a(z) = argmax Q(zr, a);

16: Take action a(z;) and obtain z-41, reward
17: Update Q(z, a);

18: Zr = Zr41;

19: Update US], , F'(USy,, );

20: Return US], , F/(US,;,,)

12 to 15. After selecting an action, we calculate the next state
and the reward for taking the action at the current state. The
Q-table value is then updated, along with the state, as shown
in lines 16 to 18. Through iterative training, we obtain the
updated Q-table, which stores the values of various service and
server selections. Finally, we obtain the decision USﬁnk and
F/(US,y, ) regarding which services should have replications
added and which servers should provide the replications by
selecting the state and action corresponding to the maximum
value in line 19.

The time complexity of Algorithm 4 can be analyzed as
follows. In lines 1-3, the creation of the state space requires
O(|USy, |), with a maximum value of O(|S|). In lines 4-8,
the creation of the action space takes O(|US;,, |- [M|). In
line 9, initializing the Q-table takes O(|Z]-|A]). Lines 10-18
involve the learning process, which runs for MAX rounds, with
each round involving up to |Z| state transitions, resulting in a
time complexity of O(|MAX]|-|Z|). Finally, line 19 updates
the extension scheme, which takes O(1). Therefore, the overall
time complexity of the algorithm is: O(|S| - |M| + |Z] - |A| +
|MAX|-|Z]).

C. Service Updating Replacement

After selecting which services to add replications, we need
to cache the services on the edge server. However, when
faced with a situation where the remaining capacity of the
edge server can’t support caching new services, we should
update the caching scheme of the edge servers. We develop a
caching replacement algorithm specifically designed for sce-
narios where available capacity is insufficient to accommodate
the services designated for caching. To better describe the use

Require: S, , US, , F/(US,,).
Ensure: Service updating strategy I.

1: for s; € US;nk do

2: Calculate the remaining capacity Ry ;

3: if ¢, > R;7 then

4: Construct candidate services set CSy,, = &;
5: for s;; € Sy, do

6: Calculate replication density pg?,’“ of s;r;
7: if p5F > py™ then

8: Smy, = CSmy, U 8513

9: for s; € CSmk do

10: Calculate vg,;

11: while ¢, > R;ﬁk do

12: sp = arg min{ vy, |Sz€CSmk IS

13: Update Sy, = Sim, /5r5

14: Update CSy,, = CSiyy /r;

15: Ry = Rit + cs,s

16: Sme = Smy, U sj;

17: Return I;

of services, we have proposed a new definition that combines
the access behavior of users and the probability of activity as
the service evaluation indicator.

Definition 5 (Service Evaluation Indicator): Let es; indi-
cate the service evaluation indicator of s;, and es; =
ZuieU(sj) A, - (1— Pu;)/¥s;» Where py, is the probability
that u; leaves the current location.

We consider the distribution of service replications and
introduce a definition of density as follows.

Definition 6 (Replication Density): Let p?f’“ indicate the
replication density of s;, i.e., the number of replications of s,
within one hop from the edge server my.

To avoid the frequent exchange of highly accessed services,
which can lead to multiple replacements and caching, we
introduce a novel definition called access weight to measure
the usage of deployed services.

Definition 7 (Visit Weight): Let vs; indicate the visit weight
of s, and vs; = es; - By + (rvmaz — 'rvsj) - By, where ruvs; is
the average access time interval of s; within a certain period,
TUmag represents the maximum access time interval among
the services cached on the edge server and Ey and F» are the
weights, respectively.

By introducing the replication density p;? and the visit
weight vs;, we propose a cache replacement strategy called
SRD (Service Replacement based on the distribution of
services). The individual steps of the strategy are shown
in Algorithm 5. The inputs to Algorithm 5, as described in
Algorithm 4, include the set of services that add replications
US,,, . the set of servers that provide replications F'(US,, ),
and the set of services that have already been cached on the
edge server Sy, . In line 2, we check the remaining capacity
Ry;, of server my. If the remaining capacity can support the
caching of service s;, we update Sy, directly. Otherwise, we
calculate the replication density ps;"** for the services cached

k
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on my in line 6. The candidate set for updating services,
CSyp,,, consists of those services whose density exceeds a
defined threshold ng k. as set in Algorithm 3 (lines 3 to 8). In
line 9, we calculate the visit weights for the services in CS,y, .
We then remove the service with the minimum visit weight
from CS,,, and from S,;,, until the remaining capacity of my
can accommodate s;. The set CS,, is updated accordingly
in line 14. We then adjust the remaining capacity and, in line
16, update Sy, to include service s;. These operations are
repeated for each service in US’mk. The final updated caching
strategy is denoted as L

The time complexity of Algorithm 5 is O(|US[,, | x Sy, |).
The outermost loop, which processes each service in USﬁnk,
requires |US’mk| iterations. Calculating the replication density
for services in S, is performed |S,,, | times. Additionally, the
operations for calculating the visit weight vs, and removing
services are carried out at most |S,y, | times. Other operations
are constant in time, and thus negligible. Hence, the overall
time complexity is: O(|US], | X [Syy, ).

V. EXPERIMENT
A. Basic Setting

We conduct extensive experiments to validate the effective-
ness of our algorithms. All experiments were implemented in
Python 3.8 and executed on a Windows 11 platform equipped
with a 12th Gen Intel Core i9-12900KF CPU @ 3.19 GHz,
NVIDIA RTX3080 GPU, and 32GB of memory. We used a
dataset provided by China Telecom Shanghai Company [38],
which contains information on 3,233 base station locations
and corresponding user connections in June 2014. For the
experiments, we randomly select subsets of 10, 20, and 30 base
stations, each equipped with a server, to construct our server
dataset. We then generate random configuration information
for servers, services, and users. We conduct experiments at
three different scales to validate our algorithms in three stages:
1) Group 1: 10 servers, 15 services, 35 initial users, and 5 new
users added sequentially; 2) Group 2: 20 servers, 30 services,
70 initial users, and 10 new users added sequentially; 3) Group
3: 30 servers, 45 services, 110 initial users, and 10 new users
added sequentially.

1) Service Caching Experiment: For the single-area sce-
nario, we evaluate our proposed USC algorithm against
several baseline methods. Specifically, we consider three
greedy algorithms—Greedy based on the Number of users for
services (GN), Greedy based on the Size of services (GS),
and Greedy based on the Evaluation Indicator of services
(GEI), as well as one random algorithm (RP) and a genetic
algorithm [39], [40]. The GN algorithm prioritizes caching
services that serve the largest number of users, whereas the
GS algorithm favors caching services with smaller sizes.
Similarly, the GEI algorithm selects services based on higher
service evaluation indicators. In contrast, the RP algorithm
caches services randomly without any specific criteria. The
genetic algorithm utilizes the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) to determine the caching configura-
tion on edge servers. To evaluate the performance of these
algorithms, we adjust the weight settings for D and C. The
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weights, « and £, are varied within the range [0.1,0.9] with
an interval of 0.1 to explore different trade-offs between user
QoS and system cost. For the multiple-area scenario, the
feasible caching scheme obtained from the single-area scenario
algorithms is used as the initial solution for our USC-TS
algorithm. Subsequent comparisons of experimental results
across different initial solutions assess the effectiveness of the
USC-TS algorithm.

2) Service Updating Experiment: To evaluate the decision-
making process for service updating, we compare our proposed
SUD algorithm with two baseline approaches: Service Updating
from the Cloud (SU-C) and Service Updating from the Edge
or Cloud (SU-EC), using datasets at three different scales. The
SU-C approach caches all new services and migrates service
replications exclusively from the cloud. In contrast, the SU-
EC approach caches all new services while migrating service
replications from edge servers if the service is already deployed
on any edge server; otherwise, replications are migrated from
the cloud. For service updating replacement strategies, the
evaluation compares the proposed SRD algorithm with two
alternatives: the Least Recently Used (LRU) algorithm and a
random replacement algorithm. Considering the impact of long-
term dynamic behavior on the effectiveness of these strategies,
performance is assessed by comparing the average results over
five time slots.

B. Experiment Results

A comprehensive evaluation of the proposed algorithms was
conducted across various scales and preference configurations
to assess their performance in service caching and updating
at different stages. The experimental framework incorpo-
rates heterogeneous servers, each characterized by unique
constraints in storage capacity, computational resources, and
associated storage costs. These diverse resources are strategi-
cally allocated for caching services, thereby reflecting realistic
conditions in edge computing environments.

1) Service Caching Experiment: The experimental results
for the initial service caching stage are presented in Figures 3
through 6. As shown in Figure 3, the USC algorithm consis-
tently outperforms other methods across three different dataset
scales, with its superior performance becoming increasingly
pronounced as the dataset scale expands. In the first scenario,
involving 10 servers, 15 services, and 40 users, the objective
values produced by the USC algorithm range from 10 to 50
across 10 distinct weight configurations. This narrow range
reflects the limited scope of the scenario, where fewer servers
and users lead to minimal variation between the lowest and
highest objective values. Consequently, both individual solu-
tions and comparisons between different algorithms exhibit
less variation in this smaller scale scenario.

As the scenario grows in size (group 2), with 20 servers,
30 services, and 80 users, the range of objective values becomes
a bit larger, from 10 to 70. Finally, in the largest scenario
(group 3), with 30 servers, 45 services, and 120 users, the
objective values range from 30 to 150. This broader range
reflects the increased complexity of the scenario, resulting in
greater variability in the objective values. The USC algorithm
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Fig. 3. Comparison of caching algorithms under different weight settings at the initial service caching stage.
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Fig. 4. Comparison of improved caching algorithms under different weight settings at the initial service caching stage.

distinguishes itself by balancing user latency and storage
cost, whereas the greedy algorithms optimize only one aspect.
Figures 3 and 4 indicate that although the objective values of all
algorithms increase with the dataset scale, the USC algorithm
exhibits the smallest increase, demonstrating greater robustness
relative to the other basic caching algorithms. Similarly, the USC-
TS algorithm shows comparable robustness when compared
with other advanced caching schemes. The weights assigned
to D and C represent the preference for user QoS and system
cost, respectively, and different configurations yield varying
performance. For example, in Figure 3(a), the objective value
increases as the weight for D rises to 0.7 and then decreases.
In Figure 3(b), the best performance is observed for a weight
combination of (0.5,0.5), while Figure 3(c) indicates that
(0.6, 0.4) yields the highest objective value. Overall, the USC
algorithm consistently delivers superior performance across
different scales and weight settings.

In contrast, the three greedy algorithms (GN, GS, and
GEI) exhibit a consistent trend as the weight for D increases,
whereas the RP and genetic algorithms display irregular behav-
ior. The objective value is calculated based on four variables:
a, D, 8, and C; D and C are calculated based on the service
placement results of algorithms. The service placement for
the greedy algorithms is solely determined by their respective
criteria and is not influenced by the QoS and cost preferences.
Typically, the value of D is usually lower than that of C,
thus, as the weight for D increases, the objective values for
these algorithms tend to decrease. In contrast, the RP and
genetic algorithms, which rely on randomness, exhibit more

variable objective values. In summary, the USC algorithm
adjusts service placement based on the preferences for D
and C, thereby achieving favorable objective values under
various weight settings. Figure 4 illustrates the performance
when multiple areas are considered, demonstrating improved
results across all algorithms compared to single-area scenarios.
Notably, even the GEI algorithm—which performs worst in
the single-area scenario—shows significant optimization in the
multi-area setting. In Group 3, the optimization effect nearly
doubles, highlighting the benefits of considering multiple
areas when caching services. The USC-TS algorithm, which
uses the USC algorithm’s solution as its initial solution,
outperforms all other methods across all groups regardless of
scale or weight. However, the trend in objective values under
different weights in Group 1 differs from those in the larger
groups.

This difference is elucidated in Figure 6, which presents
the delay and cost associated with caching schemes across
the three scales. In Group 1, as shown in Figure 6(a), the
values of cost C and delay D are very close, causing the
objective value to first increase and then decrease as the
weight increases. This behavior is primarily due to the request
distribution in Group 1, where a small number of users account
for a significant proportion of service requests. As a result,
certain services—particularly under the GN algorithm—are
not placed on edge servers, leading to high delay values D
that approach the cost values C. Similarly, the GS algorithm
fails to cache services that are both large and frequently
requested, resulting in unserved users. The GEI algorithm
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Fig. 6. Delay and cost of caching algorithms in the multiple-area scenario.
TABLE II

exhibits similar performance due to its reliance on comparable
greedy strategies. In Groups 2 and 3, where the scale is larger,

the proportion of such services decreases, leading to a more Group SUD SU-C SU-EC

. 1 63.16 &+ 25.04 138.35 + 74.14 130.86 + 76.6
pronounced gap between D and C and a corresponding down- 3 1500 L6261 | 30710 L7782 | 385,53 L 18116
ward trend in the objective values for the greedy algorithms. 3 226.02 £ 93.03 | 594.66 £ 39.95 | 577.71 L 346.34

Figures 5 and 6 further illustrate the trade-offs between
delay and cost for different caching algorithms. While Figure 5
presents the average results of the caching algorithms in single-
area and multi-area scenarios across 10 weight configurations
for the three dataset scales, Figure 6 provides a detailed
breakdown of the delay and cost for each group. Figures 5(a)
and 5(b) report the percentage reduction in the objective
function value achieved by the USC algorithm relative to the
worst-performing algorithm. These results clearly demonstrate
that the superiority of the USC algorithm becomes increasingly
apparent from Scale 1 to Scale 3 in single-area scenarios,
with the USC-TS algorithm exhibiting similar improvements
in multi-area scenarios. Figure 5(c) further confirms that the
objective value is significantly reduced across all groups when
employing the USC-TS algorithm.

2) Service Updating Experiment: In our experiment, we
compare our SUD algorithm with two baselines across 10
weighting sets and show the average objective value and vari-
ance of each algorithm across 10 weighting sets in Table II.
The results indicate that the SUD algorithm outperforms
both the SUC and SUEC algorithms in all three groups. For
instance, in Group 1, the SUD algorithm achieves an average
objective value of 63.16 +25.04, whereas the SUC and SUEC
algorithms yield 138.35 & 74.14 and 130.86 £ 76.6, respec-
tively. These findings demonstrate that the SUD algorithm

COMPARISON OF DECISION-MAKING ALGORITHMS

not only attains the lowest objective value but also exhibits
the smallest variance, reflecting its stability and efficiency.
Similar superior performance is observed in Groups 2 and 3.
This advantage is attributed to the SUD algorithm’s strategy
of selectively migrating only certain services for caching, as
opposed to the indiscriminate migration employed by the other
approaches. Moreover, the SUD algorithm strategically selects
the most appropriate servers to provide replications, rather
than relying solely on cloud servers or random edge server
selection.

In the service replacement stage, the proposed SRD algo-
rithm is compared with the SR-LRU and SR-R algorithms on
two dataset scales, as shown in Figure 7. For each dataset,
performance is evaluated under two weight configurations:
(e = 04,8 = 0.6) and (o = 0.6,8 = 0.4). We can see
that SRD demonstrates superior performance compared to the
others across both weight settings of (o = 0.4, 8 = 0.6) and
(a =0.6,8 = 0.4). As illustrated in Figures 7(a) and 7(b), the
SRD algorithm consistently outperforms the other methods in
both weight settings for Groups 1 and 2. In Group 1, the SR-
LRU and SR-R algorithms exhibit unstable performance under
varying weight configurations, whereas the SRD algorithm
consistently achieves the lowest objective value. Although the
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Fig. 7. Comparison of replacement algorithms at the service updating stage.

objective value for SRD is slightly higher under the (o =
0.6, 8 = 0.4) configuration compared to (« = 0.4, 3 = 0.6),
this trend is consistent across both groups. We further compare
the algorithms over 5 time slots to assess their long-term
performance. From Figures 7(a) and 7(b), it is evident that
the SRD algorithm consistently achieves the best objective
value in each time slot. The strength of SRD lies in its dual
consideration of service access frequency and the distribution
of service replications. When replications of the same service
become overly dense, storage resources are used inefficiently,
rendering further replication unnecessary.

In summary, the experimental results convincingly demon-
strate the effectiveness and superiority of the proposed
algorithms across various stages. The USC and USC-TS algo-
rithms perform exceptionally well during the initial service
caching stage, while the SUD and SRD algorithms offer
significant advantages in the service updating stage, effectively
reducing latency and cost.

VI. CONCLUSION

This paper addresses the critical challenge of service
caching in dynamic, resource-constrained MEC environments.
We explore strategies to achieve dynamic service caching and
updating in a cost-efficient manner while operating under the
constraints of limited storage resources and ensuring Quality
of Service (QoS) for users. The primary objective is to
minimize user latency and system costs when dynamically
caching and updating services within these environments. In
the initial service caching stage, both single-area and multi-
area scenarios are considered. For the single-area scenario,
we design a service caching algorithm based on dynamic
programming, while for the multi-area scenario, we develop
an improved service caching algorithm using tabu search
to optimize service provisioning at appropriate locations.
To address the challenges posed by dynamic user behavior,
we introduce a reinforcement learning-based algorithm for
determining service extensions. In the service updating and
replacement stage, a novel replacement algorithm is proposed
that takes into account the distribution of service replications
and service access frequency.

The effectiveness and performance of these algorithms are
validated through extensive experiments, demonstrating signif-
icant improvements in latency reduction and cost efficiency. In
summary, this paper provides an in-depth theoretical analysis
and presents innovative solutions to the problem of dynamic
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service caching and updating in edge computing, offering
valuable insights for research and applications in related fields.

While this work focuses on dynamic service caching and
updating under resource constraints, it does not consider user
movement trajectories. In future work, we will explore caching
prefetching methods based on user movement trajectories to
further enhance QoS for users.
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