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Abstract—Novel applications such as the Metaverse have high-
lighted the potential of beyond 5G networks, which necessitate
ultra-low latency communications and massive broadband con-
nections. Moreover, the burgeoning demand for such services
with ever-fluctuating users has engendered a need for heightened
service continuity consideration in B5G. To enable these services,
the edge-cloud paradigm is a potential solution to harness cloud
capacity and effectively manage users in real time as they move
across the network. However, edge-cloud networks confront a
multitude of limitations, including networking and computing
resources that must be collectively managed to unlock their
full potential. This paper addresses the joint problem of service
placement and resource allocation in a network-cloud integrated
environment while considering capacity constraints, dynamic
users, and end-to-end delays. We present a non-linear program-
ming model that formulates the optimization problem with the
aiming objective of minimizing overall cost while enhancing
latency. Next, to address the problem, we introduce a DDQL-
based technique using RNNs to predict user behavior, empowered
by a water-filling-based algorithm for service placement. The
proposed framework adeptly accommodates the dynamic nature
of users, the placement of services that mandate ultra-low latency
in B5G, and service continuity when users migrate from one
location to another. Simulation results show that our solution
provides timely responses that optimize the network’s potential,
offering a scalable and efficient placement.

Index Terms—Edge-Cloud Computing, Cloud-Network In-
tegration, Resource Allocation, Service Orchestration, Service
Placement, Path Selection, Service Continuity, Optimization The-
ory, Beyond 5G, and 6G.

I. INTRODUCTION

In this fast-paced world, networking environments have
evolved, leading to an increase in data flow [1]. The shift in
paradigm has given birth to a range of entirely new services
that require rigorous Quality of Service (QoS) requirements
[2]. Some of these services include the Metaverse, Unmanned
Aerial Vehicles (UAVs), and Augmented Reality/Virtual Re-
ality (AR/VR) [3]. With the rise of these services, ensuring
reliable and efficient data flow is now essential. The QoS
requirements for these services are stringent, and any delay
or interruption in data flow can have severe consequences. As
the evolution of networks continues to accelerate, we anticipate
more novel services demanding strict QoS. Therefore, the need
for robust and reliable networks that can handle increased
data flow is more critical than ever. To meet these demands,
technological advancements in network infrastructure are con-
tinuously being made. The evolution of networks has paved

the way for the development of innovative solutions that cater
to the QoS requirements of these novel services [4].

Distributed edge-cloud architecture is one of the potential
substrates to answer this need, which has become an indispens-
able part of today’s computing landscape. This continuum is
based on Service Oriented Architecture (SOA) and is gaining
popularity due to its scalability, reliability, and availability
of computing functionalities/facilities that can be used as
resources. The purpose of edge computing is to bring data
intelligence, processing, and storage closer to the network’s
edge, while cloud computing provides more capacity and
a more reliable environment [5]. Through the edge-cloud
continuum environment, computer-related service requests will
be answered more promptly, the quality of services will be
improved, and the location of users will be tracked more
accurately. In Beyond 5G (B5G) networks [6], edge-cloud
infrastructure is integrated into distinct domains, and Network
Function Virtualization (NFV) virtualizes these resources, cre-
ating isolated virtual entities on top of physical infrastructure
[7]. Hence, Virtual Network Functions (VNF) and service
instances are available through Software-Defined Networks
(SDNs) and NFV, offering users a range of services and
computing resources.

Effective service orchestration is crucial to ensure optimal
service delivery, which meets both network constraints and
user requirements [8]. Considering it, the QoS and Quality
of Experience (QoE) can be improved, and the continuity
of services can be provided in an efficient manner [9]. One
of the greatest challenges of effective service orchestration
in edge-cloud computing is resource management, where the
best suitable service instances should be selected for user
requests, and computing and networking resources should be
allocated and scheduled jointly, promoting resource sharing
and maintaining a deterministic system to ensure that services
and user requests are satisfied in terms of their QoS and
QoE requirements, resulting in various system-level predefined
objective functions, such as provider-level cost minimization
(for example, through energy savings) or profit maximization
(by, for instance, increasing resource utilization) [10].

As of now, different concepts, architectures, and paradigms
have been considered in the approaches proposed for service
orchestration. Zhang et al. [11] have developed an adaptive
interference-aware heuristic approach to optimize VNF place-
ment, which has been shown to effectively handle traffic varia-
tion and improve the total throughput of accepted requests. Li979-8-3503-1090-0/23/$31.00 © 2023 IEEE



et al. [12] have presented a resource management and replica
allocation strategy for edge-cloud computing systems, which
aims to reduce financial costs while maintaining performance
and data consistency. Additionally, a heuristic near-optimal
solution to the joint problem of networking and computing
resource allocation for 5G networks was presented [13]. This
work proposed an optimal approach to find the optimal so-
lution to the joint problem. Dant et al. [14] have presented
the architecture of SDNized Information-Centric Networking
(ICN) technologies which incorporate service placement.

Although the proposed methods in these studies are effective
in addressing the resource allocation problem, their applicabil-
ity to real-world scenarios remains a challenge, as they fail to
cater to the dynamic nature of users and their requests, making
service continuity a challenge. These approaches provided
static allocation which will be useless in applications like
the Metaverse whereby users and requests are subject to
changes on a millisecond basis. Moreover, in most of the
previous works, resource allocation has been isolated to the
cloud domain, and the network is solely viewed as a pipeline
with no cognitive ability to adapt regarding the changes in
the system. Clearly, such solitary approaches are ineffective
due to disregarding interdependencies among various domains
and resources. A failure in one domain can have far-reaching
effects on the other ones, so orchestrating services from a
siloed perspective may not be adequate to achieve the desired
system performance.

This study aims to address the existing gap in the literature
by examining the joint problem of service instance placement
and assignment, as well as path selection in the context of an
edge-cloud continuum environment wherein users are moving
and requests are changing their Point of Attachment (PoA)
over time. To address this problem, the first step is to predict
which requests will arrive at each PoA in the near future,
followed by a joint assignment of networking and computing
resources to meet their requirements. In particular, we consider
capacity limitations of the resources, and End-to-End (E2E)
delays, with the goal of minimizing total cost. Our main
contributions to this paper are:

• Formulating the joint problem of service placement and
resource allocation in the edge-network-cloud integrated
infrastructure as a Mixed Integer Non-Linear Program-
ming (MINLP) problem.

• Proposing a deep reinforcement learning method for
predicting the arrival point of requests utilizing histor-
ical data for smoother handling of user dynamicity and
improving service continuity.

• Devising a novel heuristic approach based on the water-
filling algorithm to identify near-optimal solutions for
the placement of service instances on edge-cloud nodes
and allocating networking resources regarding the QoS
requirements of requests, utilizing the output of the
learning method to minimize delay and cost, resulting
in the more efficient placement of resources.

The upcoming sections of this paper are arranged coherently

as follows. Commencing with Section II, the system model is
outlined, followed by a detailed resource allocation problem
formulation in Section III. The heuristic approaches are then
presented in Sections IV with utmost clarity, so as to easily
comprehend the technical aspects of the proposed method
of service prediction and orchestration. In Section V, the
numerical results are illustrated with the help of appropriate
figures, thereby providing a clear understanding of the research
outcomes. Finally, Section VI offers concluding remarks and
future directions that encapsulate the study’s findings.

II. SYSTEM MODEL

In the following, the system model is provided. This paper
examines three main components of the system: edge-cloud
infrastructure, service providers, and user requests.

A. Edge-cloud Infrastructure

The edge-cloud infrastructure consists of a network that
connects computing resources available for deploying in-
stances of services. The network, denoted by G(N ,L,P),
consists of two domains (i.e., access and core), where N
is the set of edge-cloud nodes with size N , L ⊂ {l :
(n, n′)|n, n′ ∈ N} is the set of links with size L, and
P = {p : (Hp, Tp)|p ⊂ L} represents the set of directional
paths with size P . Each path p is determined by its head node
(Hp) and tail node (Tp), and Jp,l is a binary parameter equal
to 1 if path p contains link l. As each edge-cloud node is
equipped with computing resources, it can be considered a
host for deploying service instances. It is predetermined that
the computing resources available on each node are limited
by a predefined capacity threshold pCn, and the bandwidth
available on each link is limited by a corresponding capacity
pLl. The cost of using each node and a link is associated
with a corresponding cost, denoted by Cn and Ll. Note that
the network is structured at different levels, and the nodes
are distributed so that the more nodes close to the cloud,
the higher the capacity and lower the costs. Thus, nodes
near end-users or entry points have expensive but limited
computing resources, while central nodes have cheaper and
higher capacity computing resources [1].

B. Service Providers

Participating in the system are S service providers, each
of which offers a set of service instances Is = {1, 2, ..., Is}
with size Is. Consequently, the set of services is represented
by S = {I1,I2, ...,IS}. Although each instance is capable
of handling multiple requests, its capacity is limited by a
predetermined threshold pIs,i, and the cost of using each
service instance is denoted by Is,i.

C. User Requests

The system contains a set of R active requests, denoted by
R, where each request r arrives in the system at time Tr and
continuously demands a service Sr to send its inquiry traffic to
one of its instances for a particular operation and then receives
the response. Users exhibit dynamic behavior in the system



by changing their locations over time. For this reason, Etr
identifies the node (PoA) from which each request originates at
each time slot. Upon reaching the PoA, the most appropriate
service instance should be selected for request r based on
its requirements such as the minimum service capacity qItr,
minimum network bandwidth qLt

r, maximum acceptable E2E
delay qDt

r, traffic burstiness qBtr, maximum packet size qZt
r, and

qOr indicating the upper limit of overall E2E delay that can be
tolerated by request r over T time slots, also known as the
Service-Level Agreement (SLA) requirement.

III. PROBLEM DEFINITION

In this section, the joint problem of resource allocation is
defined as an MINLP formulation, taking into account instance
placement and assignment (III-B), path selection (III-C), and
delay constraints (III-D) with the aim of minimizing the
overall cost (III-A) to ensure that QoS requirements of requests
are continuously met at the lowest possible cost, given that
they are changing their PoA over time.

A. Objective Function

This objective function (OB) seeks to minimize the total
cost of allocated resources over the time interval T (beginning
at time 1 and ending at time T ). Specifically, this equation
captures the cost associated with the assignment of requests
to instances, the placement of instances on edge-cloud nodes,
and the selection of inquiry and response paths for requests.
Ät

r,i and Ëti,n are binary variables that indicate the instance
of request r (considering that the instance of request r must
be chosen from among the instances of Sr) and the host node
of instance i respectively at time t, and L̈t

r is a continous
variable that shows the total cost of allocated paths to request
r at time t. In this equation and what follows, i is iterating
over the instances of S.∑

T ,N ,S
Ëti,nCn +

∑
T ,S,R

Ät
r,iIs,i +

∑
T ,R

L̈tr (OB)

B. Instance Placement and Assignment Constraints

The first step is to ensure that each request is always
assigned to a single instance of the service (C1). C2 ensures
that each service instance selected by at least one request is
placed on at least one available edge-cloud node at the time
requested. To avoid congestion and ensure the framework’s
reliability, the total number of requests assigned to each service
instance cannot exceed the capacity of the instance in each
time slot (C3). Nodes are only able to handle a limited capacity
as well (C4).∑

S
Ät

r,i = 1 ∀r ∈R, t ∈ [Tr, T ] (C1)

∑
N
Ëti,n >

(∑
R
Ät

r,i

)
/R ∀i ∈ S, t ∈ [Tr, T ] (C2)∑

R
Ät

r,i
qItr ≤ pIs,i ∀i, t ∈ S,T (C3)∑

S,R
Ëti,nÄt

r,i
qItr ≤ pCn ∀n, t ∈N ,T (C4)

C. Path Selection Constraints

In order to deliver inquiry traffic of a request to its assigned
instance and return the response, it is necessary to assign a
feasible E2E route for each request within the specified time
slot (C5 and C6). To do so, a unique inquiry path is selected
for each request, originating from its entry node (PoA) and
concluding at the chosen service instance, denoted by

−→
Rt

r,p.
For each request, the corresponding response path, or

←−
Rt

r,p, is
also determined using a similar approach, but with the order of
the nodes reversed. In other words, the response path starts at
the selected service instance and ends at its PoA. Additionally,
a capacity limitation applies to the number of requests assigned
to each path at any given time (C7), and C8 computes the total
path allocation cost for each request.∑

P|Hp=Et
r&Tp=n

−→
Rt

r,p =
∑
S
Ät

r,iËti,n ∀r, n, t ∈R,N ,T (C5)

∑
P|Hp=n&Tp=Et

r

←−
Rt

r,p =
∑
S
Ät

r,iËti,n ∀r, n, t ∈R,N ,T (C6)

∑
R

qLtr

(∑
P
Jp,l

(−→
Rt

r,p +
←−
Rt

r,p

))
≤ pLl ∀l, t ∈ L,T (C7)

L̈tr =
∑
L
Ll

(∑
P
Jp,l

(−→
Rt

r,p +
←−
Rt

r,p

))
∀r, t ∈R,T (C8)

D. Service-Level Agreement

The final set of constraints focuses on delay limitations, with
the objective of fulfilling the QoS requirements of users. Dt

r,l

and Dt
r are continuous variables that represent the delay of

link l and E2E delay respectively (including network delay and
computing delay) for request r at time t [15] while considering
the number of priority is equal to 1. During each time period, it
is necessary to ensure that the maximum acceptable delay for
requests is maintained (C11). Furthermore, the sum of delays
experienced by the requests of each user across all time slots
should not exceed its SLA requirement (C12).

Dt
r,l =

 ∑
R|r ′ ̸=r

qBtr′ + qZt
r′

 / pLl ∀r, l, t ∈R,L,T (C9)

Dt
r =

∑
P,L
Jp,lDt

r,l

(−→
Rt

r,p +
←−
Rt

r,p

)
+ qZt

r/
qItr ∀r, t ∈R,T (C10)

Dt
r ≤ qDt

r ∀r, t ∈R,T (C11)∑
T |t≥Tr

Dt
r ≤ qOr ∀r ∈R (C12)

E. Problem

After thorough consideration of the relevant constraints and
identification of the overall objective function, the problem of
qos-Aware Service orChEsTration In edge-Cloud (ASCETIC)
is formulated as follows:

ASCETIC: min OB s.t. C1 - C12. (1)

IV. PROPOSED METHOD

The Problem III-E is classified as NP-hard. This has been
demonstrated through the reduction of the multidimensional
knapsack problem elaborated in [16]. Consequently, in the



worst-case scenario, the complexity of solving this problem
could increase to the extent of the solution space size [17].
To determine the optimal allocation for a given request, each
node, instance, and path must be evaluated at least once.
Since allocating resources for any request at any time slot
affects and is affected by allocations for others, all possible
sequences of requests and time slots must be considered,
yielding a solution space of size R!T !NSP2. As a result,
identifying the optimal solution for large-scale instances in
a timely manner is impractical, even with all the necessary
information available and a fully-aware environment. Further
complicating the situation is the fact that in a continuous
network, not all the required information (such as the requests
for future time slots and their PoA) are accessible. To conquer
knowledge imperfectness/inadequacy and lead a quality result
in a timely manner, an approach named Water-fIlling of Ser-
vice placEment (WISE) is proposed in Algorithm 1 involving
two separate sections: prediction (steps 2-15) and orchestration
(steps 16 - 38). These mechanisms iterate for each time slot.

The prediction mechanism focuses on determining the next
PoA of each request to adjust the allocated resources apriori
to maintain the continuity of service provision. To do so,
each PoA (through steps 2 to 15) employs a Double Deep
Q-Learning (DDQL) agent at each point in time wherein
Recurrent Neural Networks (RNNs) are used to approximate
the likelihood that each request r will be requested at the
next time (Q values). The agent’s state (θ) is the vector of
arrived requests to this PoA during the last m time slots,
the action (α) returns the list of z requests with the highest
likelihood, and the reward (ρ) is the number of requests
predicted correctly. Note that the action in each iteration is
chosen by the ϵ-greedy policy that follows the evaluation
function of the corresponding agent with probability (1 − ϵ)
and chooses a random action with probability ϵ. During the
training process, the probability decreases linearly from ϵ to
ϵ̃. Besides, to improve the efficiency, the observed transitions
are stored in a memory bank (mem), and the neural network
is updated by randomly sampling from this pool [18].

The orchestration mechanism is dedicated to determining
the most appropriate allocations for the predicted requests
on available nodes, paths, and instances. After collecting the
expected requests from all PoAs in a central controller, it is
first necessary to transform them into a PoA requests table.
The algorithm then proceeds to iterate through each request
r, beginning with the request with the most demanding time
requirement. Then, a node is selected with the minimum
overall delay and cost to all PoAs predicting to have requests
demanding the same service as request r. If the selected node
is feasible in terms of E2E delay and computing capacity
requirements, new instances will be located on it, and then
requests with the same target service will be assigned to
these instances. This operation will be continued till no more
instances can be added to this node, so a new node will be
selected based on the arrival point of the remaining requests,
and the algorithm will be continued till all requests are
investigated. Note that WISE has a worst-case complexity of

Algorithm 1: WISE
Input: T , ϵ, ϵ′, ϵ̃, θ0 ← {}, and α0 ← {}

1 for each τ in [1 : T ] do
2 update θτ using the arrived requests at the PoA
3 if τ < m then
4 ατ+1 ← select a set of z random services
5 else
6 ζ ← generate a random number from [0 : 1]
7 if ζ > ϵ then
8 ατ+1 ← select z services with top Q values
9 else

10 ατ+1 ← select a set of z random services
11 calculate ρτ
12 mem← mem ∪ {(θτ−1, aτ−1, ρτ , θτ )}
13 choose a sample form mem and train the agent
14 if ϵ > ϵ̃ then
15 ϵ← ϵ− ϵ′

16 α← collect ατ+1 of all PoAs
17 convert α to a (Requests, PoAs) table
18 while R is not empty do
19 r ← the tightest E2E delay requirement request
20 η ← the set of PoAs requesting Sr
21 D ←∞
22 for each n1 ∈N do
23 Dn1 ← 0
24 for each n2 ∈ η do
25 P1 ← the set of paths from n1 to n2

26 p1 ← p ∈ P1 with the lowest delay
27 P2 ← the set of paths from n2 to n1

28 p2 ← p ∈ P2 with the lowest delay
29 Dp ← calculate delay + cost for p1 + p2
30 Dn1 ← Dn1 +Dp + Cn1

31 if Dn1 < D then
32 n← n1,

−→p ← p1,
←−p ← p2

33 while n is feasible do
34 Place a new instance i of Sr on n
35 while i is feasible do
36 for r′ ∈R do
37 Ät

r′,i ← 1,
−→
Rt

r′,−→p ← 1,Rt
r′,←−p ← 1

38 remove r′ from R

O(T RN 2P2), since at each time, it investigates R requests,
and on each iteration, it checks inquiry and response paths
between all nodes and the list of PoAs.

V. SIMULATION RESULTS

The purpose of this section is to examine the efficiency
of the WISE method numerically by considering the cost of
consuming nodes, instances, and links, as well as the E2E
delay, and the number of supported requests (as a metric for
assessing service continuity). WISE is compared to various
approaches such as finding the optimal solution through solv-
ing (1) using CPLEX, selecting instances and nodes randomly
to meet requests, and implementing a service placement and



TABLE I
SIMULATION PARAMETERS

Parameter Value

number of links (L) ∼ U{3N , 5N}, where the
resulted graph is connected.

number of services (S) 20
number of instances for each service (Is) 5

state size of agents (m) 100
action size of agents (z) {3, 10}
cost of each link (Ll) ∼ U{10, 20}

cost of each node (Cn) ∼ 50 U(α,α+1)

cost of each instance (Is,i) ∼ 20 U(α,α+1)

capacity of each link ( pLl) ∼ U{100, 150} Gbps
capacity of each node ( pCn) ∼ 50 U(α, α+ 1) Gbps

capacity of each instance (pIs,i) ∼ 20 U(α, α+ 1) Gbps

discovery method as described in [14] on Connected and
Cooperative Autonomous Mobility (CCAM). The simulation
parameters are enumerated in Table I. In so far, as the issue
remains viable, the residual parameters can be selected in a
flexible manner. Due to the inherent variations in parameters
such as Ll and Cn, it is reasonable to expect fluctuations across
the costs of all methods.

As part of our evaluation procedure, we alter the number of
edge-cloud nodes and requests in the system to determine the
effect of these changes on the provided solutions. Considering
future applications (such as Internet of Things (IoT) use
cases for building smart cities [19], the Metaverse multiverses
[3], and UAV-based surveillance and delivery scenarios [20])
where a massive amount of real-time data with stringent
QoS requirements must be collected and processed, the B5G
infrastructure size is expected to increase, including a large
number and vast variety of networking and computing re-
sources integrated from edge to cloud. In addition, the system
may experience sudden spikes in the number of active requests
when these applications are fully realized and implemented.
Therefore, it is beneficial to validate the algorithm with vary-
ing numbers of nodes and requests to ensure that the system
is scalable and able to provide a satisfying user experience.

Figure 1 presents the results, depicting the variations in
the cost and E2E delay of allocated resources, as well as the
total number of unsupported requests with increasing numbers
of nodes in (a) and requests in (b). Notably, even in the
optimal solution, the cost and delay are subject to change
due to multiple factors, including changes in PoAs over time;
variation in nodes, instances, and link capacities; and shifts in
the minimum required capacity and bandwidth for requests.

Furthermore, the values indicated on unsupported requests
represent the average of multiple runs on the system.

The sub-figures in Figure 1 illustrate the superior perfor-
mance of the WISE approach compared to the CCAM method.
Serving instances and requests for a single service with a
single node is the primary drawback of the CCAM method.
When the network contains a small number of nodes, i.e.,
when computing resources are closer to PoAs, the CCAM
method performs adequately in terms of minimizing delay.
However, the E2E delay increases when the number of nodes
increases and high-capacity nodes are located far from entry
points. In addition, it lacks in several areas, including the

cost of path selection to reach particular nodes. Isolating the
provisioning of each service to a single node in CCAM also
results in an inability to handle all requests as the number of
user requests (PoAs) grows.

Similarly, the random method is less efficient than WISE,
regardless of the number of requests and nodes. This method
involves randomly placing each instance on network nodes
without taking into account the ever-changing nature of users;
as a result, the number of supported requests is insufficient
and service continuity is deteriorating. Besides, this approach
incurs high costs each time it is employed, and despite having
a low delay with a small number of nodes, it frequently fails
to fulfill requests. It is imperative to note that only the delay
of supported requests is considered in subfigures 2; thus, it is
reasonable to observe samples where the WISE method, which
supports all requests, exhibits longer delays than the random
method, which does not support all requests.

In terms of service placement and resource allocation, WISE
exhibits an average total cost exceeding 91% of the optimal,
regardless of the size of the network, and a delay within the
desired range for users’ SLA. This indicates that the WISE
algorithm can place services and allocate resources in a near-
optimal manner, even in large networks. It is noteworthy that
the average cost and delay remain significantly low regardless
of the number of requests or the number of nodes. In spite of
this, the delay is slightly swollen as the number of requests
increases and the problem becomes more complicated due
to a large number of nodes and links. Meanwhile, WISE
is capable of timely responses and can place services and
instances appropriately, while it is impossible to find the
optimal solution to the ASCETIC problem in a reasonable
amount of time. Accordingly, WISE demonstrates that it is
efficient in placing services and allocating resources for large
numbers of requests, is low in latency and cost, provides timely
responses, and ensures service continuity compared to other
approaches.

VI. CONCLUSION

In this study, we addressed the challenges of providing
reliable and efficient service continuity in dynamic and ever-
changing systems, particularly in the context of edge-cloud
infrastructures for B5G networks. An MINLP problem of
service placement and resource allocation in a network-cloud
continuum environment, while accounting for capacity con-
straints, changing user behavior, and link and E2E delays, was
first formulated with the objective of minimizing overall costs.
Next, we proposed a water-filling-based algorithm empowered
by a DDQL-based technique leveraging RNNs to solve the
NP-hard problem. Simulation results demonstrated that our
proposed approach is scalable, efficient, and reliable enough
to be used in real-world use cases because it accommodates
continuity of services when users move from one location to
another and the placement of services that require extremely
low latency. As a potential future direction, we plan to consider
users with dynamic QoS requirements and resources with
dynamic capacities and energy consumptions over time.
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Fig. 1. (1) cost, (2) E2E delay, and (3) the number of unsupported requests for WISE vs. the ASCETIC, random selection, and CCAM methods [14] when
(a) the number of nodes increases, and (b) the number of requests increases
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