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ABSTRACT The Virtual Network Function Placement and Routing Problem (VNFP-RP) represents a
fundamental challenge for achieving efficiency and scalability in Beyond Fifth-Generation (B5G) and Sixth-
Generation (6G) networks. It encompasses both the placement of Virtual Network Functions (VNFs) on
available computational resources and the routing of traffic through them. These routes must follow the
order defined by Service Function Chains (SFCs) within Network Function Virtualization (NFV)-enabled
environments. In this work, we present a complete and reproducible implementation of an established Integer
Linear Programming (ILP) model adapted from the literature, integrated into a flexible and publicly available
experimental testbed for the research community. This testbed includes multiple network topologies,
workload generators, and execution scripts, enabling fair benchmarking, systematic evaluations, and future
extensions. Using four real-world topologies from the Survivable Network Design Library (SNDLib) under
varying workload levels, we optimize the VNFP-RP under four distinct objective functions: node energy
consumption, number of active nodes, number of allocated VNFs, and aggregate system latency. The
results reveal substantial differences in computational behavior, with execution times ranging from under
0.1 seconds to more than 6 hours, driven by differences in objective functions and network topologies. These
findings highlight how modeling choices impact both runtime and placement structure, providing valuable
insights into the trade-offs among efficiency, responsiveness, and resource utilization. Ultimately, this study
emphasizes the importance of flexible and adaptive strategies to guide decision-making in the design and
operation of B5G and 6G networks.

INDEX TERMS Virtual network function placement and routing, network function virtualization, service
function chaining, integer linear programming, sixth-generation.

I. INTRODUCTION
Network Function Virtualization (NFV) has fundamen-
tally transformed network service deployment by replacing
traditional hardware-based appliances with software-based
Virtual Network Functions (VNFs) [1], [2], [3]. Leveraging
advances in cloud computing and virtualization technologies,
NFV enables network functions—such as firewalls (FW),
traffic monitors (TM), and network address translation
(NAT)—to be deployed on general-purpose hardware, such
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as x86 servers. This decoupling of network functions
from proprietary hardware appliances enables substantial
reductions in both capital (CAPEX) and operational (OPEX)
expenditures [4], [5]. Furthermore, NFV remains pivotal in
the evolution toward Beyond Fifth-Generation (B5G) and
Sixth-Generation (6G) networks, supporting open and mod-
ular architectures such as the Open Radio Access Network
(O-RAN). In this context, components such as the virtual
O-RAN Distributed Unit (vO-DU), virtual O-RAN Central
Unit (vO-CU), and RAN Intelligent Controller (RIC) operate
on common hardware and can be orchestrated in a unified
manner. This integration promotes flexibility, scalability, and
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FIGURE 1. Service Function Chain (SFC) — The figure presents an example of an SFC designed to enforce specific policies on network
traffic. The data flow enters the system and is routed through an ordered sequence of Virtualized Network Functions (VNFs), including
Network Address Translation (NAT), Firewall (FW), and Traffic Monitoring (TM). The execution order of these functions ensures the correct
application of security requirements, traffic management policies, and address translation throughout the traffic path within the network.

continuous innovation while optimizing resource utilization
and reducing costs [5], [6], [7], [8], [9].

Network services are structured as ordered sequences
of VNFs, referred to as Service Function Chains (SFCs),
which are designed to meet the specific requirements of each
application. These functions process incoming data packets
and can classify or manipulate traffic flows based on their
characteristics [10], [11]. For example, a network operator
may configure Voice over IP (VoIP) traffic to traverse
an SFC composed of NAT → FW → TM → FW → NAT ,
as illustrated in Figure 1. Virtualization enables VNFs to be
instantiated at any time and location, provided that resource
and connectivity constraints are satisfied, thereby offering
enhanced flexibility in service provisioning [7]. However, this
flexibility also introduces challenges related to the placement
and routing of VNFs across the physical network [12], [13],
[14].

The demand for high-performance services—such as
autonomous vehicles, remote surgeries, and augmented
reality applications, which require high availability, respon-
siveness, and ultra-low latency—has grown significantly.
This trend, combined with an ever-increasing number of
users, has intensified the consumption of network infrastruc-
ture resources, particularly in B5G and 6G networks [14],
[15], [16]. In this context, the efficient placement of
VNFs onto available physical resources, coupled with
the appropriate routing of service requests through the
underlying physical network, has become a critical factor
in the success of NFV [17], [18]. To address these
challenges, service providers must adopt strategies that
carefully balance diverse and often conflicting requirements,
such as minimizing the number of active nodes, reducing
latency, and controlling operational costs, particularly energy
consumption [6], [19], [20], [21], [22]. An effective VNF
placement scheme must achieve a trade-off among these
objectives while respecting the capacity constraints of the
physical network and ensuring compliance with Service
Level Agreements (SLAs) [19], [23]. This set of decisions
constitutes the Virtual Network Function Placement and
Routing Problem (VNFP-RP), which is recognized as an NP-
hard (non-deterministic polynomial-time) problem due to its
combinatorial nature [12], [14].
The VNFP-RP is widely recognized as one of the most

complex challenges within the NFV domain and plays a
central role in ensuring efficient operation in B5G and 6G

networks [4], [5], [6]. In this study, we address the VNFP-
RP with an emphasis on two fundamental aspects: (i) the
optimal placement of VNFs on physical nodes, and (ii) the
routing of service demands along paths that comply with
latency constraints and satisfy the functional requirements
of the applications. To tackle this problem, we implement
an Integer Linear Programming (ILP) model adapted from
the formulations presented in [4], [12], and [24]. The
model optimizes the VNFP-RP under four distinct objective
functions: (a) node energy consumption (NEC), (b) number
of active nodes (NAN), (c) number of allocated VNFs (NAV),
and (d) aggregate system latency (ASL). These objectives
represent distinct operational priorities, ranging from energy
sustainability and infrastructure efficiency to Quality of
Service (QoS) and Quality of Experience (QoE) for latency-
sensitive applications. They highlight the importance of
assessing the differing impacts associated with each objective
function to enable more robust and well-grounded planning
decisions.

In this context, the main contributions of this study
are threefold: (i) the release a publicly available and
fully reproducible testbed—including multiple topologies,
demand generators, and execution scripts—for fair com-
parison, systematic evaluation, and future extensions; (ii)
the formalization of the VNFP-RP through an SFC-aware
ILP model that jointly decides placement and routing under
resource and capacity constraints; and (iii) a comparative
analysis of the four objective functions—NEC, NAN, NAV,
and ASL—evaluated individually to quantify their specific
trade-offs and to assess their respective impacts on network
performance. These contributions lay a solid foundation for
fostering reproducible research in this domain and for select-
ing optimization strategies tailored to specific operational
requirements. The remainder of this paper is organized as
follows. Section II surveys the related work; Section III
formalizes the VNFP-RP and presents its mathematical
formulation; Section IV discusses the experimental results
and comparative findings; and Section V concludes the paper.

II. RELATED WORK
The VNFP-RP, increasingly driven by the widespread
adoption of SFCs across diverse application domains, has
attracted significant attention from both academia and
industry, thereby motivating systematic investigations into
strategies for the optimal placement and routing of VNFs [7],
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[14]. Recent studies have proposed various formulations of
the VNFP-RP, aiming to define placement strategies under
distinct system models and operational constraints, as well
as optimized routing approaches that ensure the correct
delivery of services along the specified SFCs. These works
differ in the modeling methodologies adopted, the objective
functions prioritized, and the effectiveness of their proposed
solutions. Among the most frequently addressed objectives
are (i) the minimization of active resources, such as nodes
and links [28]; (ii) the reduction of end-to-end latency [29];
and (iii) the minimization of energy consumption [12]. The
VNFP-RP has attracted extensive attention in the literature
due to its practical relevance for the efficient orchestration
of VNFs in B5G and 6G networks enabled by NFV
technologies, as well as the inherent complexity of obtaining
optimal solutions.

In advanced softwarized network environments, energy
efficiency has become a central criterion in VNF orches-
tration, prompting a growing body of research focused on
sustainability. In [22], the authors investigate the sustainable
provisioning of SFCs in green mobile edge networks,
prioritizing solar-powered servers and dynamically adapting
routing according to energy availability and wireless link
conditions. An energy-aware VNF placement strategy for
wireless mesh networks deployed in emergency scenarios is
proposed in [21]. Their multi-objective model aims to extend
network lifetime by utilizing such networks as a resilient
communication backbone in the event of infrastructure
failures. A heuristic based on the Blocking Islands paradigm
to reduce energy consumption while satisfying end-to-end
latency constraints is proposed in [4]. The proposed approach
demonstrates superior scalability and reduced execution time
compared to traditional techniques and ILP-based methods.
In [5], three heuristics leveraging network state reduction
are introduced to minimize energy consumption without
compromising SFC acceptance rates.

The stringent latency requirements of emerging appli-
cations has driven the development of solutions focused
on minimizing end-to-end latency in VNF placement and
routing. A mixed-integer linear programming formulation
is presented in [29], selecting paths with minimal instal-
lation and node activation costs to reduce overall network
latency. This work is extended in [23] with two alternative
formulations for the VNFP-RP: (i) a Path Formulation, which

explicitly incorporates latency constraints and predefined
paths, and (ii) an approach focused on optimized function
deployment across physical nodes. In [13], a model incor-
porating edge computing support is proposed, combining a
Markov decision process with Q-learning-based algorithms
to reduce service rejection rates and optimize real-time
resource allocation. Approximation algorithms that jointly
optimize resource allocation and latency are introduced
in [25], reducing provisioning costs across edge and cloud
environments. A heuristic approach based on particle swarm
optimization is adopted in [20] to simultaneously minimize
overall network latency and the number of active nodes while
ensuring service connectivity along the SFCs.

In addition to latency and energy efficiency, other objec-
tives have been extensively investigated in the VNFP-RP
literature, including bandwidth reduction, network resilience
enhancement, and optimization of computational resource
allocation. These efforts aim to improve overall network
efficiency while maintaining QoS despite infrastructure
constraints and increasing user demand. A heuristic for
VNF allocation is proposed in [28] to jointly minimize
link utilization and computational resources consumption in
the physical infrastructure. A joint optimization algorithm
focused on load balancing is introduced in [6], improving
VNF distribution and reducing request blocking rates.
To improve bandwidth efficiency, an allocation strategy is
presented in [26] that reuses existing VNF instances and
prioritizes adjacent deployment of new instances to minimize
bandwidth consumption during SFC routing. A probabilistic
VNF allocation mechanism is proposed in [27], combining
dynamic SFC formation based on Dijkstra’s algorithm to
reduce SFC failures and minimize the latency associated
with service composition. The variety of objectives addressed
in these studies reflects the multifaceted complexity of
the VNFP-RP and underscores the need for optimization
strategies capable of balancing competing performance
criteria.

Although the literature explores the VNFP-RP through a
variety of strategies and objectives, service providers still
face the challenge of balancing conflicting goals that impact
both network efficiency and user experience (QoS/QoE).
However, the majority of existing studies focus either on
specific heuristics or on ILP formulations, often without
providing open and reproducible implementations.Moreover,

TABLE 1. Comparison of related works based to the considered criteria. A green check mark ( ✓ ) denotes that the corresponding aspect is addressed,
whereas a red cross ( ✗ ) indicates its absence.
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FIGURE 2. Service Function Chains (SFCs) with Virtual Network Functions (VNFs) — The figure illustrates two service chains (SFC 1 and SFC 2), each
composed of VNFs such as Network Address Translation (NAT), Firewall (FW), Traffic Monitoring (TM), WAN Optimization (WOC), Intrusion Detection
System (IDS), and Video Optimization (VOC). The traffic is processed and routed through these VNFs according to the forwarding policies defined by the
service.

systematic comparisons across different objective functions
remain limited in the current VNFP-RP literature. This
gap underscores the need for reproducible baselines and
comprehensive evaluations that enable fair benchmarking and
inform decision-making across diverse operational scenarios.
Table 1 summarizes the related works reviewed in this
sections, outlining their main characteristics.

III. VIRTUAL NETWORK FUNCTION PLACEMENT AND
ROUTING PROBLEM
The VNFP-RP involves efficiently placing VNFs across
a distributed physical infrastructure and defining feasiable
routes for traffic flows between these functions in accordance
with the pre-specified SFCs [12], [23]. Solving the VNFP-
RP entails jointly deciding: (i) which physical nodes will
host the VNFs, subject to computational capacity constraints,
and (ii) which paths data flows will traverse, in compliance
with topological and datarate limitations. The problem’s
complexity arises from heterogeneous service requirements,
limited network resources, concurrent optimization goals,
and the need to address operational criteria such as energy
consumption, resource utilization, and latency [11], [23],
[30], [31], [32]. Figure 2 illustrates this process, highlighting
the routing of traffic between physical nodes and the VNFs
required by each request. The following constraints define the
conditions for resource allocation and routing, guaranteeing
the technical feasibility and consistency of the generated
solutions.

• Node Capacity Constraints: The placement of VNFs
on each physical node must comply with its resource
capacity, ensuring that the assigned functions do not
exceed available limits—such as Central Processing
Unit (CPU), memory, and storage capacities—and
preserving infrastructure performance and network sta-
bility.

• Function Capacity Constraints: The volume of data
processed by each VNF instance must not exceed
its maximum processing capacity, ensuring stable

operation and preventing overload that could compro-
mise QoS and QoE.

• Service Function Chaining Constraints: Each service
demand must be routed along a path that respects the
VNF order defined by its SFC, ensuring that traffic is
processed in the correct sequence. The path must be
elementary (i.e., cycle-free), and the end-to-end latency
must not exceed the maximum threshold defined for
each demand.

In the following, we present the formalization of the
VNFP-RP model, which is adapted and extended from
the ILP formulations proposed in [4], [12], and [24], and
therefore maintains the same computational complexity
characteristics of these formulations. This general modeling
approach is applicable to a broad range of scenarios, includ-
ing the deployment of virtualized O-RAN components [33],
[34] and the optimization of dynamic software-defined
satellite–terrestrial integrated networks [35], [36], providing
flexibility to accommodate diverse objective functions.

A. SYSTEM MODEL
The telecommunications network is formally modeled as a
bidirectional physical graphG(N ,L), whereN denotes the set
of nodes and L represents the set of links (or arcs) connecting
them. In this model, each node i ∈ N is assumed to be
equipped with hardware resources capable of processing,
hosting, or switching VNFs in the physical network. This
abstraction not only simplifies the representation of the
infrastructure but also reduces the graph size, thereby
lowering computational complexity. Each node i ∈ N
provides a set of resources R, typically including CPU,
memory, and storage capacities. For each link (i, j) ∈ L, r(i,j)
denotes the available data rate, whereas d(i,j) represents the
link delay, which is assumed to be proportional to the physical
distance between nodes.

LetG denote the set of demands, where each demand g ∈ G
is represented as a tuple:

g(v(s,g), v(d,g), dg, rg, cg) (1)
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TABLE 2. Main notations of the sets, parameters, and variables used in
the VNFP-RP formulation.

v(s,g) and v(d,g) denote the source and destination nodes
of demand g, respectively. dg denotes the maximum end-to-
end latency allowed for the service associated with demand
g, whereas rg represents the data rate required to serve that
demand. The SFC of each demand g is defined as an ordered
set of VNFs, denoted by cg = f1 → f2 → · · · → fp. This
VNF chain is modeled as a virtual graph G(Vg,Eg), where
Vg denotes the set of virtual nodes and Eg represents the
set of virtual links corresponding to demand g. Each virtual
node represents either a VNF belonging to the set F , or one
of the source or destination terminals of the demand. For
each function f ∈ F , rf denotes the maximum processing
capacity available for f , whereas df represents the latency
introduced by that function into the service. The virtual links
connect the virtual nodes following the sequence defined
by the SFC. Thus, the virtual network G(Vg,Eg) must be
embedded onto the physical network G(N ,L), ensuring that
all requirements of demand g are satisfied. In this mapping,
the virtual source and destination nodes are embedded on
the corresponding nodes, thus preserving the end-to-end
semantics of each demand. Each function f can be shared
among multiple demands, provided that its maximum data
rate capacity (expressed in megabits per second, Mbps) is not

exceeded. Before presenting the mathematical formulation of
the VNFP-RP, we introduce the notations used throughout
this paper, including the sets, parameters, and variables
summarized in Table 2.

B. CONSTRAINTS
The following constraints formalize the VNFP-RP, delimiting
the feasible solution space in accordance to technical and
operational requirements. Each constraint is mathematically
formulated to ensure solution feasibility, addressing process-
ing capacity, resource utilization efficiency, and compliance
with QoS requirements.∑

i∈N

ug,f ,p,i = 1, ∀g ∈ G, ∀f ∈ cg, ∀p ∈ cg (2)

Equation (2) ensures that, for each function f defined in
the SFC of demand g, a single node i is selected to host it
at position p. This constraint guarantees the complete and
ordered mapping of the SFC on the physical infrastructure,
preserving the functional sequence defined for the service.

ug,f ,p,i ≤ zf ,i, ∀i ∈ N , ∀f ∈ F, ∀p ∈ cg, ∀g ∈ G (3)

Equation (3) ensures that a function f can be assigned
to demand g on node i only if at least one instance of f
has been previously allocated on that node. This constraint
guarantees consistency between the processing decision
and the availability of the function within the physical
infrastructure.∑

f ∈F

φf ,rzf ,i ≤ CT
r,i, ∀i ∈ N , ∀r ∈ R (4)

Equation (4) imposes that, for each node i and each
resource type r , the total consumption resulting from VNF
allocation—calculated as the sum of the individual demands
φf ,r multiplied by the number of instances zf ,i—does not
exceed the available capacity CT

r,i. This constraint ensures
that the utilization of resources remains within the operational
limits of each node.∑

g∈G

∑
p∈cg

rgug,f ,p,i ≤ rf zf ,i, ∀i ∈ N , ∀f ∈ F (5)

Equation (5) defines the data rate capacity constraint for
each function f on each node i. The left-hand side represents
the total traffic volume assigned to function f on node i,
considering all demands and positions within the chain. This
value must not exceed the product of the maximum data rate
rf and the number of instances zf ,i allocated on node i. This
constraint ensures that no function instance is overloaded
beyond its nominal processing capacity.∑

(f ,f ′)∈Eg

∑
g∈G

rgw
(i,j)
g,(f ,f ′) ≤ r(i,j), ∀(i, j) ∈ L (6)

Equation (6) imposes that the sum of the data rates
required by all demands routed through link (i, j) does not
exceed its available capacity r(i,j). This constraint ensures
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compliance with link capacity limits, preventing overload and
guaranteeing routing feasibility.

ug,fs,pf ,v(s,g) = 1, ∀g ∈ G (7)

ug,fd ,pl ,v(d,g) = 1, ∀g ∈ G (8)

Equations (7) and (8) establish that, for each demand g,
the initial VNF (fs) must be allocated on the source node
v(s,g), and the final VNF (fd ) on the destination node v(d,g).
These constraints ensure the correct embedding of the SFC
terminal points into the physical network. In thismodel, fs and
fd denote the starting and ending functions of the processing
chain for all demands. Similarly, pf and pl specify the
positions of the first and last functions in the SFC associated
with each demand.∑
(i,j)∈L

w(i,j)
g,(f ,f ′) −

∑
(j,i)∈L

w(j,i)
g,(f ,f ′) = ug,f ,p1,i − ug,f ′,p2,i,

∀i ∈ N , ∀(f , f ′) ∈ Vg, ∀p1 ∈ cg, ∀p2 ∈ cg, ∀g ∈ G (9)

Equation (9) enforces the flow conservation constraint
for traffic between two consecutive VNFs (f , f ′) in the
SFC associated with demand g. This equation ensures
that, for each node i, the difference between the outgoing
and incoming links used to route the traffic of (f , f ′)
is consistent with the presence of functions f or f ′ on
that node. When node i hosts function f (at position p1),
it acts as the source of the flow; when it hosts function
f ′ (at position p2), it acts as the destination. In all other
cases—i.e., when node i does not host either function—
the traffic must be forwarded in transit, with the amount
of incoming traffic equal to that of outgoing traffic. This
constraint is essential to ensure that routing between VNFs
follows continuous and feasible paths within the physical
network.∑

j∈N

∑
(f ,f ′)∈Eg

w(i,j)
g,(f ,f ′) ≤ 1, ∀i ∈ N , ∀g ∈ G (10)

∑
i∈N

∑
(f ,f ′)∈Eg

w(i,j)
g,(f ,f ′) ≤ 1, ∀j ∈ N , ∀g ∈ G (11)

Equations (10) and (11) impose node traversal uniqueness
constraints on the routing paths associated with demand g.
Equation (10) limits the outgoing traffic from node i to atmost
one link for each pair of consecutive VNFs (f , f ′) in the SFC
of demand g. Equation (11) restricts the incoming traffic to
node j under the same conditions. Together, these constraints
prevent the same node from being traversed multiple times by
the traffic of a given demand, ensuring that the path remains
elementary (i.e., cycle-free). This condition is essential
to guarantee routing integrity, ensuring compliance with
the SFC and structure and preventing unnecessary node
overload.

latencyp =

∑
i∈N

∑
f ∈F

∑
p∈cg

df ug,f ,p,i, ∀g ∈ G

(12)

latencyt =

∑
(i,j)∈L

∑
(f ,f ′)∈Eg

d(i,j)w
(i,j)
g,(f ,f ′), ∀g ∈ G

(13)

latencyp + latencyt ≤ dg, ∀g ∈ G (14)

Equation (14) imposes the end-to-end latency constraint
for each demand g, ensuring that the aggregated processing
and transmission delays along the SFC does not exceed
the maximum threshold dg specified by the service. This
constraint consists of two components: (i) the sum of the
processing latencies df introduced by each VNF allocated
to serve demand g, as defined in (12); and (ii) the sum of
the transmission latencies d(i,j) associated with the links used
to route the virtual links specified by the SFC, as defined
in (13). By ensuring that the total delay remains within
the latency budget defined for the service, this constraint
is essential for maintaining the QoS and QoE of latency-
sensitive applications, including real-time services.∑

p∈cg

ug,f ,p,i ≤ zf ,i, ∀i ∈ N , f ∈ F, g ∈ G (15)

Equation (15) enforces consistency between the use of
VNFs and the number of instances allocated to each node.
Specifically, it ensures that a given function f on node i
is used in at most one position of the SFC associated with
demand g. This prevents a VNF from being redundantly
assigned to multiple positions of the same demand’s SFC on
a single node. Moreover, it guarantees that the number of
times function f is used by demand g does not exceed the
number of instances zf ,i allocated on node i, thereby ensur-
ing mapping feasibility and coherent use of infrastructure
resources.∑

(f ,f ′)∈Eg

∑
g∈G

w(i,j)
g,(f ,f ′) ≤ l(i,j) ×M , ∀i ∈ N , ∀j ∈ N (16)

∑
j∈N

l(i,j) + l(j,i) ≤ yi ×M , ∀i ∈ N (17)

∑
f ∈F

zf ,i ≤ xi ×M , ∀i ∈ N (18)

Finally, we introduce three binary indicator variables that
specify whether each node or link is online or offline.
These variables are used in Equations (16), (17), and (18),
which impose activation constraints on links and on nodes
responsible for switching or processing, respectively. The
constantM represents a sufficiently large number that enables
or disables these constraints depending on the activation state
of each component.

• Equation (16) enforces that a link (i, j) may be used for
routing only when it is activated.

• Equation (17) enforces that node i may perform
switching tasks only when it is active.

• Equation (18) enforces that VNFs can be placed to node
i only if the node is active.
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C. OBJECTIVE FUNCTIONS
The VNFP-RP formulation can be driven by different objec-
tive functions, depending on the network’s operational goals.
In this work, we consider four distinct objective functions,
each addressing a specific aspect of VNF orchestration:
energy consumption [4], [12], QoS and QoE [37], infrastruc-
ture utilization [38], and placement complexity [29]. These
objectives are analyzed individually, enabling a comparative
evaluation of the trade-offs involved. The following subsec-
tions detail each objective function and its corresponding
mathematical formulation.

1) MINIMIZATION OF NODES ENERGY CONSUMPTION
Among the different components that contribute to server
energy consumption, the CPU is the dominant one, exceeding
the impact of memory, storage, and network interfaces [39].
Studies indicate that server power usage varies proportionally
with workload, ranging from a baseline value at idle state
to a peak value under full utilization [40], [41]. To model
this behavior, the energy consumption of a node i ∈ N is
defined as a function of the CPU usage imposed by the VNFs
allocated to its resources. The energy consumption of node i
is defined by:

Poweri = Pidlei + (Pmaxi − Pidlei ) × θcpu, ∀ i ∈ N (19)

Pidlei represents the idle-state power consumption (at 0%
CPUutilization).Pmaxi corresponds to the power consumption
under full load (100% utilization). θcpu is the CPU utilization
rate, defined as the ratio between the total CPU used and the
total available CPU capacity. θcpu is defined by:

θcpu = φf ,r/cTr,i (20)

Let r as the type of computational resource (e.g.,
CPU). Assuming that CPU utilization is proportional to the
aggregate computational demand of the allocated VNFs,
the objective function that minimizes the total energy
consumption of all processing nodes is defined as follows:’’

Minimize
∑
i∈N

(Pidlei xi + (Pmaxi − Pidlei )
∑
f ∈F

∑
r∈R

φf ,r

cTr,i
zf ,i)

(21)

The objective function aims to minimize the total energy
consumption of all processing nodes, thereby reducing
the overall energy footprint of the physical network. This
approach promotes energy-efficient VNF placement while
satisfying the computational and operational requirements
of each demand, contributing to more sustainable use of
computational resources.

2) MINIMIZATION OF AGGREGATE SYSTEM LATENCY
Minimizing latency is a critical objective in B5G and
6G networks, especially for applications that require high
responsiveness and have stringent delay constraints. In this
context, latency is modeled as the transmission delay incurred

along the links traversed by the SFCs. The objective function
minimizes the aggregate system latency, defined as:

Minimize
∑

(i,j)∈N

∑
(f ,f ′)∈F

∑
g∈G

w(i,j)
g,(f ,f ′) × d(i,j) (22)

Equation (22) computes the total transmission delay
incurred on the links (i, j) used to route the virtual links
(f , f ′) specified by the SFC of demand g. Minimizing this
metric ensures compliance with QoS and QoE requirements,
especially in critical scenarios and for latency-sensitive
applications.

3) MINIMIZATION OF THE NUMBER OF ACTIVE NODES
Optimizing the utilization of physical resources is a fun-
damental strategy for ensuring efficient operation of the
physical network. Minimizing the number of active nodes
reduces overall energy consumption, thereby lowering opera-
tional expenditures and promoting more sustainable network
operation. In addition, reducing device usage mitigates
hardware wear, prolongs the lifespan of physical components,
and decreases the frequency of maintenance requirements.

Minimize
∑
i∈N

xi (23)

Equation (23) minimizes the total number of active nodes
assigned to processing tasks (xi)). This approach enables
more scalable and efficient network operation while ensuring
that service demands are satisfied through the intelligent
allocation of available physical resources.

4) MINIMIZATION OF THE NUMBER OF ALLOCATED VNFs
Minimizing the number of allocated VNF instances aims
to limit their dispersion across the network, thereby
concentrating processing in fewer locations and reducing
overall management complexity. This approach contributes
to conserving computational resources and simplifying
infrastructure operation. ∑

f ∈F

∑
i∈N

zf ,i (24)

Equation (24) minimizes the total number of VNF
instances, promoting more compact placements and reducing
the spatial dispersion of VNFs along the SFC execution.

IV. PERFORMANCE EVALUATION
This section presents the experimental analysis of the ILP
model introduced in Section III, evaluating the impact of
the different objective functions on the number of allocated
VNFs, overall energy consumption, average per-demand
latency, and the computational effort required to solve the
instances. The model was implemented in Python 3.12 [42]
using the Pyomo library [43] and executed on a machine
equipped with an AMD Ryzen 5 8600G processor (6 cores,
12 threads, up to 5.0GHz), 16GB of DDR5 RAM at
5200MHz, running Ubuntu 20.04 LTS [44]. The CPLEX
solver was used to solve the optimization models [45]. Each
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execution was limited to 21,600 seconds. The instances
exhibited large variations in initial optimality gaps: dense
scenarios—such as the New York topology under high-
demand conditions—often began above 90% and required
several hours to close the gap. Given this behavior, the
selected time limit offered a balanced compromise that con-
strained computational effort without compromising solution
quality.

To capture the variability of service requests, 50 indepen-
dent instances were generated for each scenario, following
the methodological practices adopted in [4], [12], and [46].
In each instance, the service demands (source, destination,
and associated services) were randomized while keeping
the network topology and resource capacities fixed. The
reported results correspond to the average values obtained
across all instances of each scenario. To ensure experimental
reproducibility, all random components of the instance
generator—including the selection of sources, destinations,
SFCs, and service demands—were produced using a fixed
random seed. Moreover, the same demand sets were used for
all four objective functions, guaranteeing that the comparison
among objectives is performed under strictly equivalent
conditions. This design eliminates variability caused by input
randomness and ensures that differences in the results arise
solely from the optimization criteria, not from distinct traffic
scenarios. Table 3 summarizes all experimental settings. The
full implementation of the model is publicly available at [47].

TABLE 3. Summary of the experimental environment.

A. PARAMETER SETTINGS
In telecommunication networks, each service type is sup-
ported by a specific SFC. In this study, four types of traffic
flows are considered: Video Streaming (VS), Web Services
(WS), Online Gaming (OG), and VoIP, as summarized in
Table 4. For each service, the following parameters were
specified: (i) the ordered sequence of required VNFs (the
SFC), (ii) the required data rate, (iii) the end-to-end latency,
and (iv) the traffic distribution percentage, based on [4],
[12], and [46]. Six VNFs were considered in this work,
as presented in Table 5: WAN Optimization Controller
(WOC), Video Optimization Controller (VOC), Intrusion
Detection System (IDS), NAT, FW, and TM. For each
function, the required CPU capacity and data rate are
specified. The processing delay is fixed at 10ms for all
functions [4]. Sets of service demands were generated by
randomly selecting source–destination node pairs across the
network, ensuring that v(s,g) ̸= v(d,g) for each demand g.

Each demand is associated with a service type, following the
percentage distribution indicated in Table 4.

For the model analysis, four topologies from Survivable
Network Design Library (SNDLib) were used [48]: (i) DFN-
BWIN, with 10 nodes and 45 links; (ii) Abilene, with
12 nodes and 15 links; (iii) Polska, with 12 nodes and
18 links; and (iv) New York, with 16 nodes and 51 links.
These network topologies provide structural diversity and
representativeness for evaluating the VNFP-RP. DFN-BWIN
and New York exhibit denser connectivity, enabling the
analysis of placement and routing decisions under higher
path redundancy. In contrast, Abilene and Polska are sparser
networks, highlighting scenarios in which routing alterna-
tives are limited and placement decisions become more
constrained. Taken together, the four topologies span a broad
spectrum of sizes, link densities, and connectivity patterns,
allowing the model to be assessed under heterogeneous
and realistic backbone conditions. Each link was configured
with a capacity of 10Gbps (gigabits per second) [12]. The
propagation delay of each link was estimated based on its
geographical length, computed using the Haversine formula
and assuming fiber-optic transmission with an approximate
speed of light of 2 × 105km/ms [49].

The processing node energy consumption model is
described in Subsection III-C1. For the simulations, two
sets of energy parameters were considered to account for
different power profiles. The first set corresponds to an idle-
state and maximum power consumption of (pidlei , pmaxi ) =

(46.8W, 210W), while the second set adopts (pidlei , pmaxi ) =

(69.3W, 367W). These parameter pairs were used to assess
the sensitivity of the model to variations in processing node
energy characteristics. Each substrate node is equipped with a
processor featuring 64 CPU cores, according to the technical
specifications reported in [50].

For the experiments, a total of 120 scenarios were evalu-
ated. These scenarios result from combining the four selected
SNDLib topologies with traffic loads ranging from 1 to
30 service demands per processing node. For each scenario,
all structural and resource parameters of the topology remain
fixed, while only the number of generated service demands
varies. This setup enables a systematic assessment of the
VNFP-RP model under heterogeneous network structures
and progressively increasing load conditions. The four
objective functions considered in this study—NEC, NAN,
NAV, and ASL—are optimized independently, resulting in
four separate ILP formulations. Due to the NP-hard nature
of the VNFP-RP and the complexity of solving ILP-based
models, the simulations were conducted on small-sized
topologies to ensure computational tractability and allow
the full execution of all instances within the specified time
limit.

B. NUMBER OF ALLOCATED VNFs
Figure 3 illustrates the evolution of the total number of
allocated VNFs as the number of demands increases across
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TABLE 4. Characteristics of the considered service types, including their respective Service Function Chains (SFCs), required data rate, allowed end-to-end
latency, and share of total traffic. The Virtual Network Functions (VNFs) used in the SFCs include: NAT (Network Address Translation), FW (Firewall),
TM (Traffic Monitor), WOC (WAN Optimization Controller), VOC (Video Optimization Controller), and IDS (Intrusion Detection System) [12], [46].

TABLE 5. Parameters used for the Virtual Network Functions (VNFs),
including CPU requirements and maximum supported data rate [12], [46].

the four evaluated topologies, considering only the ASL
objective function. The ASL objective consistently resulted
in the highest number of VNF allocations, exceeding the
number of allocated VNFs in the largest scenarios—such as
those of the New York topology—by more than one hundred
times, with an average increase of approximately forty times
across all scenarios. This behavior is explained by its place-
ment strategy, which enforces strict latency minimization
and, as a result, favors replicating functions across geograph-
ically dispersed nodes to reduce hop counts and response
times. Although effective in reducing delay, this replication
amplifies resource usage and directly increases energy
consumption, as more servers must remain active to support
the replicated instances, further increasing the complexity of
orchestration. Minor fluctuations in the number of allocated
VNFs are also observed as the number of demands increases,
with average variations of approximately 8% and slightly
higher values in scenarios characterized by greater service
diversity.

The NEC, NAN, and NAV objectives consistently main-
tained the minimum required set of eight VNFs in all topolo-
gies and demand scenarios, with statistically significant
differences relative to ASL (p < 2.8×10−39). Although min-
imizing the number of allocated VNFs is not an explicit goal
of the energy-oriented and node-oriented approaches, the
results show that it naturally emerges as a byproduct of their
optimization strategies. By prioritizing node deactivation,
these objectives concentrate allocations onto a smaller subset
of nodes, thereby avoiding the activation of additional nodes
while preventing overutilization of those already in operation.
These findings highlight the direct influence of the optimiza-
tion criterion on VNF replication and infrastructure resource
efficiency, reinforcing its critical role in balancing service
performance and structural cost—particularly in large-
scale scenarios where efficient resource utilization becomes
essential.

FIGURE 3. Total number of allocated Virtual Network Functions (VNFs) as
a function of the number of demands per node in the Abilene, DFN-BWIN,
Polska, and New York topologies. The Aggregate System Latency (ASL)
objective consistently produced the highest number of instances, with
variations driven by service diversity and functional chain configurations.
In contrast, the Node Energy Consumption (NEC), Number of Active Nodes
(NAN), and Number of Allocated VNFs (NAV) objectives always allocated
the minimum required number of functions (eight VNFs) across all
scenarios and are therefore not displayed in the figure. In extreme cases,
the ASL allocated up to nearly two orders of magnitude more functions
than the alternatives.

C. ENERGY CONSUMPTION EVALUATION
Figure 4 illustrates the total energy consumption of the nodes
as the number of demands increases in the New York topol-
ogy. The results are expressed as normalized percentages,
enabling direct comparisons across objective functions and
topologies with distinct structural characteristics. Only the
results for the New York topology are reported, as they
are representative of the overall behavior observed. The
analysis reveals that the energy consumption curves exhibit
highly similar trends across all topologies, with the maximum
post-normalization variance of 5.32 × 10−7. Furthermore,
a separate sensitivity analysis using two distinct energy
parameter values showed no measurable difference in the
results, with a 0% variation across all scenarios.

Among the four objectives, ASL consistently produced the
highest energy consumption across all load levels, reaching
full (100%) utilization. This outcome follows naturally
from its latency-driven placement strategy, which keeps
the entire infrastructure active. In contrast, both NEC and
NAN maintained energy usage at approximately 4% in all
scenarios. This behavior reflects the model’s preference
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for activating only the minimal set of nodes required for
feasibility, inherently stabilizing energy consumption. Con-
sidering that an idle node consumes approximately 22% of its
nominal power, restricting activation to this minimal subset
substantially improves energy efficiency while preserving
complete allocation coverage. The NAV objective exhibited
an intermediate energy consumption profile, stabilizing at
approximately 25% across the evaluated topologies. This
occurs because minimizing the number of allocated functions
consolidates processing on fewer nodes, though it does
not explicitly limit node activation, allowing the model to
maintain a larger active subset than energy-optimal solutions.

FIGURE 4. Average normalized energy consumption (%) as a function of
the number of demands per node in the New York topology. The figure
compares results for three objective functions: (i) Node Energy
Consumption (NEC), (ii) Number of Allocated VNFs (NAV), and
(iii) Number of Active Nodes (NAN). The objective function Aggregate
System Latency was omitted, since it consistently yielded 100% energy
consumption across all scenarios. Similar patterns were observed in the
other evaluated topologies (Abilene, Polska, and DFN-BWIN), with no
evidence of infrastructure saturation even under increased load.

Statistical validation reinforces these findings, with all
pairwise comparisons yielding p-values near zero—except
for NEC and NAN, whose p-value equals 1 due to their
identical behavior. Overall, the comparative analysis of the
four objective functions highlights clear trade-offs between
performance and energy efficiency, revealing distinct oper-
ating regimes shaped by each optimization criterion. The
stability observed across load increments further indicates
that the previously allocated resources were sufficient to
accommodate the increasing demand without requiring
additional node activation or VNF instantiation, confirming
that the network remained well below its saturation point
under the evaluated scenarios.

D. AVERAGE LATENCY PER DEMAND
Figure 5 shows the evolution of average demand latency as
the number of demands increases across the four evaluated
topologies. Latency was computed as the sum of processing
delays introduced by the VNFs (10ms) and the transmission
delays incurred along the SFCs supporting each demand.

This metric directly reflects QoS and QoE, making it
a critical indicator of overall network performance. All
demands were served within acceptable latency thresholds,
ensuring compliance with QoS requirements even as the load
increased.

As expected, the ASL objective achieved the lowest
average response times across all scenarios and topologies.
Its latency values remained tightly bounded, with a variation
of only 0.05ms, which corresponds to an extremely low
variance in all topologies (e.g., 1.7 × 10−10 in DFN-
BWIN and 1.8 × 10−8 in Abilene). This narrow dispersion
confirms that ASL’s performance is not an artifact of
rounding or normalization but rather reflects a genuinely
stable operational behavior. Moreover, its latency evolved
linearly as the load increased, indicating a strong capacity
to preserve responsiveness even under significant demand
growth. This performance results from explicitly minimizing
routing delay between VNFs along the SFCs—although this
benefit comes at the expense of substantially higher OPEX
due to the required increase in resource usage.

The NEC and NAV objectives exhibited the highest
average response times, with transmission delay increasing
steadily as the load grew. In the most pronounced case
(NewYork topology), transmission delay rose by approxi-
mately 4.27 ms, corresponding to a relative increase of about
165% from the lowest to the highest load level. In these
cases, demand forwarding is governed solely by the need
to satisfy connectivity and maximum-latency constraints,
without any mechanism dedicated to minimizing end-to-end
delay; consequently, the system produces substantially higher
response times even though all demands are successfully
routed. Quantitatively, the impact of topology is clear: the
Polska topology reached an average transmission delay of
only 0.02 ms, whereas Abilene—despite having the same
number of nodes—reached 0.1 ms, a difference of more than
five times attributable exclusively to connectivity patterns.
Conversely, the New York topology exhibited the largest
transmission delay across all scenarios, with an average
delay nearly 27 times higher than Polska and 6 times
higher than Abilene. These results confirm that compact and
well-connected topologies enhance temporal performance
even without explicit latency-oriented optimization, whereas
larger networks—despite higher link density—incur longer
transit times between functions due to increased spatial
dispersion and routing depth.

Overall, the results reveal a clear trade-off between
transmission delay and infrastructure efficiency. Objectives
that prioritize latency naturally incur higher resource usage—
ASL, for example, keeps transmission delay below 0.002 ms
in the DFN-BWIN topology while requiring up to four
times more active processing capacity than NEC and
NAV. Conversely, resource-saving strategies decrease node
activation and energy consumption but lead to transmission
delays up compared with the most latency-efficient con-
figurations. Statistical analysis reinforces this distinction:
for most topologies and objective-function comparisons,
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FIGURE 5. Average latency per demand as a function of the number of demands per node in: (a) Abilene, (b) DFN-BWIN, (c) Polska, and (d) New York
topologies. The objective function Aggregate System Latency (ASL) consistently achieved the lowest values across all scenarios, maintaining stable
behavior even under increasing load. In contrast, the Node Energy Consumption (NEN), Number of Active Nodes (NAN), and Number of Allocated VNFs
(NAV) objectives exhibited higher latency levels. This outcome reflects their placement strategies, which concentrate allocations on a reduced set of
nodes to optimize resource usage, but at the cost of longer service paths and, consequently, increased end-to-end latency. Nonetheless, all latency values
remained within acceptable thresholds for service operation, ensuring adequate demand fulfillment.

the p-values were below 0.03, indicating significant per-
formance differences. These findings highlight that the
chosen optimization criterion directly shapes the network’s
operating regime, highlighting the importance of aligning
the objective function with application-specific performance
requirements—particularly in scenarios where ultra-low-
latency operation is essential.

E. TIME COST COMPARISONS
Figure 6 presents the solution time (in seconds) required
by the solver to obtain a feasible solution across all
evaluated scenarios, considering only the optimization phase.
As expected, the execution time increases with the number
of demands, driven by the combinatorial growth of the
solution space. Even for the lowest demand levels, the initial
processing times are strictly greater than zero, indicating that
a non-negligible computational effort is required to configure

the first feasible allocations. As the demand load increases,
the growth pattern diverges significantly across objective
functions and network topologies, revealing critical aspects
of computational complexity and underscoring the interplay
between problem scale, structural constraints, and solver
performance.

The evaluated topologies exhibited distinct computational
behaviors determined by their structural characteristics. Abi-
lene and Polska showed similar processing times, although
Polska required, on average, about 12.5% more time for
most objectives. The exception was the NAV objective,
in which Polska was approximately 22% faster. This superior
performance results from its higher connectivity, which
increases the number of viable paths and facilitates satisfying
service chains with the smallest possible number of allocated
VNFs. Since the NAV objective does not aim to minimize
latency, energy consumption, or server usage, the solution
process focuses primarily on finding any feasible route that
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FIGURE 6. Solution time (seconds) required by the solver as a function of the number of demands per node in the topologies: (a) Abilene, (b) DFN-BWIN,
(c) Polska, and (d) New York. Each plot reports the four objective functions (Nodes Energy Consumption (NEN), Number of Active Nodes (NAN), Number of
Allocated VNFs (NAV), and Aggregate System Latency (ASL)), with insets zooming into the low-load region to show that initial solution times are strictly
greater than zero. The highest computational costs occur for NEN and NAV, particularly in the New York topology, where the solver often approached the
time limit of 21.600 seconds. In contrast, ASL and NAN exhibit considerably lower solution times, reflecting reduced structural complexity and more
tractable solution spaces. The DFN-BWIN topology, being the smallest, consistently yielded the lowest solution times, highlighting the strong impact of
network size on computational effort.

reduces redundant allocations. In a denser topology, this
search is subject to fewer constraints and can therefore
be solved more quickly. Topology DFN-BWIN consistently
yielded the lowest solving times, with average values
remaining below 37 s even in the most demanding scenarios.
It achieved the best performance for the NEC and NAV
objectives compared to Abilene and Polska, while presenting
worse performance for NAN and ASL relative to these same
topologies. This contrasting outcome reflects how DFN-
BWIN’s dense connectivity favors objectives focused on
energy-efficient and allocation-efficient placements, while
being less advantageous for objectives that are more sensitive
to node activation or path length. This behavior follows
directly from DFN-BWIN’s structural properties. Its high
connectivity favors NEC and NAV, as the abundance of
alternative paths allows the solver to quickly identify energy-
efficient and allocation-efficient configurations. In contrast,
NAN and ASL are more sensitive to node activation and

path length. In these objectives, DFN-BWIN’s dense link
structure expands the solution space, requiring the solver to
evaluate more possibilities, which results in longer solving
times. Finally, the New York topology was the most com-
putationally demanding, with several instances approaching
the 21, 600-second time limit. This outcome reflects the
significantly higher complexity of solving VNFP-RP in
larger and structurally intricate networks, where the expanded
search space imposes a substantial computational burden on
the solver. Overall, the results show that the tractability of the
VNFP-RP depends not only on network size but also on struc-
tural configuration. Larger topologies significantly expand
the solution space, increasing computational effort, while
higher link density can either facilitate or hinder the search
process depending on the objective. Consequently, con-
nectivity and structural complexity determine how quickly
the solver converges when finding optimal placements and
routes.
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TABLE 6. Mean execution times (in seconds) with their corresponding confidence intervals (95%), for each evaluated topology (Abilene, Dfn-Bwin,
Polska, and New York) and each objective function (NAN, NAV, NEC, and ASL).

Beyond the influence of topology, the results show
that scalability is strongly driven by the computational
complexity inherent to each objective function. Objectives
such as NAN and ASL consistently yield lower solving
times, as their optimization criteria restrict the search space
more directly—either by minimizing node activations or by
favoring shorter routes—allowing the solver to converge
more quickly. In contrast, NEC and NAV introduce broader
combinatorial dependencies, as they require simultaneously
exploring energy-efficient configurations or minimizing
VNF deployments across many possible routing alterna-
tives. These objectives generate substantially larger feasible
regions, leading to higher solving times regardless of the
underlying topology. This pattern indicates that scalability
in the VNFP-RP is shaped by the combined influence of
both objective-driven search space complexity and topo-
logical structure. While each objective imposes distinct
computational challenges, the underlying connectivity and
size of the network further modulate how easily feasible
configurations can be found. Therefore, aligning the chosen
optimization objective with the structural characteristics
of the target network—according to the service provider’s
performance goals—can lead to more efficient resolutions
and better overall performance. Table 6 summarizes these
findings by presenting the mean execution times (in seconds)
and their corresponding confidence intervals (95%) for
each evaluated topology. This aggregated view reinforces
the distinct computational profiles observed and highlights
how objective complexity and topological structure jointly
influence solver performance.

F. DISCUSSION HIGHLIGHTS
The consolidated analysis highlights the influences of the
objective function and network topology on both perfor-
mance metrics and computational tractability in the VNFP-
RP. Problem complexity proved to be highly sensitive to the
chosen objective: functions imposing multiple simultaneous
constraints—such as NEN and NAV—consistently resulted
in the longest solving times, whereas simpler objectives,
like ASL and NAN, converged significantly faster. Topology
played a decisive role in the tractability of the VNFP-RP.
Smaller networks were generally easier to solve, as the
search space remained limited. At the same time, higher
connectivity density facilitated the discovery of feasible
placements by providing more routing alternatives. However,
dense connectivity in large-scale networks, such as New
York, significantly increased computational requirements and

resource consumption compared to smaller dense topologies,
such as DFN-BWIN. These results demonstrates that the
complexity of solving the VNFP-RP is not determined by size
or density alone, but by the interplay between both factors,
with direct implications for the design of efficient placement
and routing strategies.

The objective functions focused on reducing overall
resource usage — such as NEN and NAN— demonstrated
excellent performance in allocation compaction, maintaining
the minimum number of allocated VNFs and significantly
reducing physical infrastructure utilization. However, these
approaches differed notably in processing time and latency
levels. The function NAN achieved average resolution times
around 100 times shorter than the NEN, while yielding very
similar energy outcomes. This difference can be attributed to
the additional complexity introduced by the NEN function,
which requires more precise decisions to balance nodes
activation with utilization levels, thereby enlarging the search
space and computational cost — particularly in larger or
sparsely connected topologies. In contrast, the function ASL
achieved the lowest average response times per demand,
with stable behavior even under high load conditions. This
performance, however, came at the cost of excessive VNF
replication and a substantial increase in energy consumption.
The results thus reveal a clear trade-off between service
responsiveness and the efficient use of computational and
energy resources.

The results reinforce that effectively solving the VNFP-RP
requires a context-aware approach. The absence of a superior
objective function underscores the need for adaptive or multi-
objective mechanisms that allow dynamic reconfiguration of
priorities based on operational requirements, infrastructure
constraints, or performance targets. Strategies that integrate
dimensions such as energy efficiency, compact plece-
ment, and responsiveness provide greater robustness across
diverse scenarios and topologies, while contributing to more
sustainable, scalable, and practically deployable network
systems.

V. CONCLUSION
In this work, we addressed the VNFP-RP, a problem that
is fundamental to the efficiency and performance of NFV-
enabled B5G and 6G networks. To this end, we implemented
an ILP model and conducted a comparative evaluation of
four objective functions under different performance metrics,
including energy efficiency and processing time. The results
reveal a clear trade-off among the analyzed objectives, each
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associated with distinct operational implications. The ASL
objective delivered the best response times—up to four
times faster than NEC—making it suitable for time-sensitive
applications such as remote surgeries, cloud gaming, and
live video streaming; however, this responsiveness came at
the cost of substantial energy consumption and intensive
VNF replication. Conversely, the NEC objective proved most
effective in reducing energy consumption—achieving over
50% savings compared to latency-oriented objectives—but
was also the most computationally demanding, frequently
approaching the solving time limit. The NAN objective
offered a balanced compromise, combining low energy
usage with feasible solving times, and thus emerges as an
attractive alternative for scenarios that require efficiency
without imposing severe computational overhead. These
insights emphasize that the choice of objective function
should be guided by the priorities of each environment:
networks oriented toward sustainability and infrastructure
consolidation—such as data centers and cloud providers—
may benefit from resource-centric objectives, whereas
latency-critical IoT or real-time communication applications
may favor latency minimization despite the associated
increase in energy consumption. To foster reproducibility,
fair benchmarking, and further research, we make our ILP-
based testbed publicly available on GitHub [47]. Ultimately,
this study underscores the importance of adopting flexible
and potentially multi-objective approaches for the VNFP-RP,
capable of dynamically adapting allocation strategies to oper-
ational demands, infrastructure constraints, and performance
goals.
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