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Abstract—Mobile edge computing (MEC) enables users to of-
fload computing tasks to edge servers for provisioning low-latency
and computation-intensive services. To manage heterogeneous
resources and improve service flexibility, MEC is entailed by new
technologies, i.e., software defined networking (SDN) and network
function virtualization (NFV), which allow services running on
common commodity hardware instead of proprietary hardware.
However, data processing via software on commodity servers may
induce high latency due to limited processing capacity, which
impedes the quality of service. Meanwhile, MEC is a resource-
sharing system and thus fairness should be considered. In this
paper, we propose a network function parallelism (NFP)-enabled
MEC (NFPMec) framework for supporting low-latency services.
To reap the potential benefits of the NFPMec, we formulate the
fairness-aware throughput maximization problem (FTMP) with
aim of maximizing the fairness-aware system throughput while
satisfying the QoS requirements. We propose a relaxation-based
generalized benders algorithm (RGBA) to decouple the FTMP
into two sub-problems based on the non-linear convex duality
theory. After relaxation, the sub-problems are solved by the
Karush-Kuhn-Tucker (KKT) approach. The convergence of the
RGBA is theoretically proved. The simulation results demonstrate
that the proposed NFPMec outperforms SDN-enabled MEC
networks in terms of resource utilization, service latency and
system throughput.

Index Terms—Network slicing, low-latency, MEC, network
function parallelism, NFP-enabled MEC framework.

I. INTRODUCTION

The fifth generation and beyond (5G/B5G) mobile communi-
cation networks are expected to support billions of intelligent,
interoperable, and connected physical devices at edge net-
works, which will change all aspects of our lives [1]. As these
physical devices usually have limited computation capability,
some computing tasks are usually offloaded to edge-side cloud
for processing, which is known as mobile edge computing
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(MEC) [2]. A typical example of MEC is Cloudlet (developed
by Carnegie Mellon University [3]), which manages to provide
computation, communication and cache resources for users via
edge-side cloud rather than remote cloud.

Recently, MEC embraces the new technology, software
defined networking (SDN)-enabled network slicing, to simplify
network management, enhance service quality and improve
resource utilization [4]. SDN is applied as a fundamental
design principle toward 5G/B5G networks [5]. SDN decouples
the control plane and the data plane, which allows network
administrators to manage network services through virtual-
ized network functions (NFs). Network function virtualization
(NFV) enables an NF to be virtualized as a programmable
software running on a virtual machine (VM), which is installed
in a commodity server [6]. By using NFV, multiple data flows
can share and scale NFs, including baseband processing unit
functions (e.g., medium access control and radio link control)
and evolved packet core functions (e.g., mobility management
entity and serving gateway) in mobile networks [7]. The
required NFs are chained as a logic service function chain
(SFC) to provide a dedicated service. Data packets at the
user side are aggregated into traffic flows according to service
type, scheduled to traverse the required NFs and achieve
desired service quality. Multiple SFCs share the computation,
communication and cache resources of the substrate network,
which should be properly sliced among traffic flows to achieve
performance isolation by the contoller, which is called network
slicing. However, the integration of network slicing and MEC
has received much research interest [4], [8]–[10].

In spite of the benefit of flexibility provided by NFV, data
processing via software on a commodity server may induce
high latency due to limited processing capacity (e.g., Ananta
Software Muxes running on commodity servers can add from
200µs to 1ms latency at 100 Kpps [11], [12]). Moreover,
the SFC latency grows linearly with the length of the chain.
This impedes provisioning low-latency services, such as e-
health data analytic and smart transportation at edge networks.
Fortunately, the authors of [12] proposed NF parallelism (NFP)
technology as a solution to decreasing the SFC latency. Using
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NFP, 53.8% NF pairs can logically work in parallel, and 41.5%
NF pairs can be paralleled without causing extra resource
overhead [12]. In [11], we extend the principle of NFP to
SFC parallelization graph (SPG) in a data centre, which is a
logic entity to enable various low-latency services. In an SPG,
parallel NFs can be organized according to the independence
of NFs’ processing. Packet processing latency can thus be sig-
nificantly decreased as compared with that in the conventional
sequential chain. Inspired by the similar idea of NFP, in this
paper, we propose an NFP-enabled MEC framework, named
NFPMec, to provide low-latency services in edge networks.

To reap the potential benefits of NFP and MEC, some
key factors (e.g., traffic flow rate, packet scheduling, packet
retransmission and channel power allocation) influencing the
latency of channel transmission, processing and queuing should
be considered in the design of NFPMec. With the ever-
growing amount of mobile devices, large traffic flow rate may
deteriorate channel quality due to severe interference. The
poor wireless channel quality may increase the number of
automatic repeat requests and thus high channel transmission
delay. The queuing latency may become longer when an NF
is congested, especially when multiple flows are sharing the
same NF. Therefore, it is necessary to jointly manage flow rate,
packet scheduling and channel power allocation to decrease the
latency. On the other hand, multiple users compete for the lim-
ited resources and thus fairness should be considered to achieve
an equilibrium [13]. Hence, a comprehensive and fairness-
aware control policy should be designed in the resource-sharing
system. Many existing studies focus on the resource allocation
for slices with guaranteed performance, while few studies focus
on the fairness-ware policy design to achieve a desired trade-
off between system revenue (e.g., system throughput) and
performance isolation for slices.

To provide low-latency service by using our proposed NF-
PMec, we formulate an optimization problem with aim of
maximizing the fairness-aware system throughput while guar-
anteeing the quality of service (QoS) requirements of individual
slices. We devise a relaxation-based Generalized Benders algo-
rithm (RGBA) to make the problem mathematically tractable.
Numerical results demonstrate the advantage of incorporating
NFP in MEC, the flexibility of introducing fairness metric,
and the effectiveness of the proposed RGBA compared with
benchmark algorithms. The main contributions of this work
are listed as follows:

• We propose an NFP-enabled MEC framework, where a
fairness-aware flow rate control scheme in conjunction
with packet retransmission, power allocation and packet
scheduling schemes to maximize the system throughout
while satisfying the service quality of individual slices.

• We formulate a fairness-aware throughput maximization
problem (FTMP) while taking into account heterogeneous
resources (i.e., wireless transmit power, computing re-
sources and cache resources) and two-dimensional service
requirements (i.e., delay and successful transmission prob-
ability). The FTMP captures three trade-offs: 1) system

throughput and service latency, 2) system throughput and
reliability of the wireless transmission and 3) system
throughput and fairness among multiple flows.

• We prove that FTMP is NP-hard and propose a relaxation-
based Generalized Benders algorithm (RGBA) by exploit-
ing non-linear duality theory. Using RGBA, non-convex
FTMP can be solved by iteratively solving two convex
sub-problems.

The rest of the paper is summarized as follows. Section II
presents related work. Section III presents NFPMec. Section IV
describes the system model and formulates the problem. The
solution of the proposed optimization problem is elaborated in
Section V. Section VI presents the simulation results. At last,
Section VII concludes the paper.

II. RELATED WORK

In the past decade, the fast development of air interface,
multi-antenna, millimetre-wave and small-cell networks allows
running computing services of mobile devices at the remote
cloud data centre. However, the long propagation distance
from the end user to the remote cloud results in long latency,
which may significantly degrade the quality of experience of
users. Mobile Edge Computing (MEC) [14] is proposed to
equip cloud computing capabilities at network edge. In MEC,
edge servers are distributed across the network and closely
connected to edge nodes such as cellular base stations or
wireless access points. As a result, mobile devices can access
the edge servers for cloud services directly via Radio Access
Network (RAN), which reduces service delay and improves
user experience quality. An overview of MEC platform was
presented in [14], including different MEC frameworks and
the corresponding application scenarios. Taleb et al. surveyed
the key enablers of MEC, such as VM, NFV and SDN [4]. Juan
Liu et al. investigated a two-timescale stochastic optimization
problem [15]. Baidya et al. recently proposed a content and
computation-aware traffic flow control framework in an SDN-
based edge network [8]. Zichuan Xu et al. formulated a novel
QoS-aware task offloading problem in a mobile edge-cloud
network that consists of a number of Cloudlets co-located
with Access Points (APs) [16]. Jie Feng et al. proposed a
novel framework for network slicing in MEC systems and
investigated the system revenue escalation problem [9]. Cziva
et al. considered an NF placement problem in an SDN-enabled
edge network, taking the end-to-end latency of data packets
into consideration [10]. Kuo et al. proposed an SFC embedding
approach to maximize the traffic flow while considering the
node service capability [17].

While enjoying the benefits of NFV and SDN, the negative
effect of using commodity server should be minimized, as the
processing speed of commodity hardware is slower than that of
the dedicated hardware [12]. Parallel programming is widely
used in computing systems to reduce the latency of running
software on multi-core platform. One of the famous parallel
computing model is the MapReduce proposed by Google.
Inspired by the parallel programming, NF parallelization has
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been proposed as a processing acceleration technique for SFC,
including flow-level, packet-level and program-level NF accel-
eration techniques. At the flow level, Long Qu et al. proposed
to establish parallel backup routing paths for an SFC to improve
the reliability and reduce end-to-end delay of packets [18].
Mihai Dobrescu et al. explored software router architecture
that parallelizes router functionality across multiple servers to
improve throughput [19]. At the packet level, Chen Sun et al.
[12] proposed that a packet and the copy of this packet could
be simultaneously processed by two NFs, when the two NFs
in the same service chain share no dependency and could work
in parallel. More related work focusing on program-level NF
parallelization by identifying dependency of the program codes
of an NF can be found in [11].

Different from the existing studies, this paper proposes the
NFPMec, which introduces a packet-level NFP-enabled MEC
network for provisioning low-latency services. Intuitively, by
jointly designing packet scheduling at network level and NFP
at packet level, the proposed NFPMec framework outperforms
conventional SDN-enabled MEC frameworks for provisioning
low-latency services.

III. NFPMEC FRAMEWORK

Based on the network slicing framework specified by the
3rd generation partnership project (3GPP) [20], we propose
the NFPMec framework as illustrated in Fig.1. There are
four layers, i.e., the control layer, service layer, network slice
instance (NSI) layer and physical layer.

At the control layer, the centralized controller deployed in
the MEC server controls the entire network, including the
admission of network slice request, the management of network
resources, and the design of control policy for the whole
network. At the service layer, various services are provisioned
by the service provider for users.

At the NIS layer, an NSI supports a specific type of service
with a certain QoS requirement. In an NSI, the principle
of NFP is extended to service parallelization graph (SPG),
which is established according to the logical independence
relationship (or parallel rules) between NFs. There are three
logical components for constructing the SPG, i.e., NFP policy
specification scheme, NFP orchestrator and NFP infrastructure.
Details of each component are given in [12]. A structure of NFs
(instead of only a chain of NFs) can be constructed to fulfill
the functionalities of the original SFC, with improved latency
performance. The details of SPG construction can be found in
[11].

At the physical layer, each user is connected to a wireless
access point (AP), and each AP is connected to a cloudlet
through a wired link. An example of the packet processing
procedure is shown in the physical layer in Fig.1, where a
packet is processed at NF f1 instantiated in the AP server;
Simultaneously, it is copied at the AP server and then transmit-
ted to NF f2 instantiated in the Cloudlet server for processing;
Finally, the two packets that have been processed are merged
at the destination node. The details of merging packets refer
to [12].

CloudletAPUser

f2

f1 d

S

NSI layer

Physical layer

Service 1

S

f1

f2
d

NSI

Service layer

Resources
Computing/cache
/communication

QoS requirment

SFG Parallel 
policy

Service 2 Service 3

Controller

Control layer

Network slice request Network resources Control policy

Fig. 1. Illustration of the NFP-enabled Mobile Edge Computing Framework

By using NFP, an SFC may introduce light-weight packet
copying, which could consume extra link bandwidth resources
[12]. In our previous research [11], we found that the cost of
NFP, i.e., bandwidth resource, hardly affects the end-to-end
latency of packets. Moreover, we assume that each physical
link has sufficient bandwidth capacity as given in assumption
7) [16]. Hence, in this paper, we do not consider the cost of
NFP. Similar to [9], [10], [16], [17], we make the following
assumptions:

1) A slice uses a full buffer traffic model1.
2) A mobile device/user is associated with one slice and uses

the band that has been allocated. A mobile device can
allocate power to the band being used.

3) The destination node of data is at the AP/Cloudlet side,
and thus a downlink transmission is not considered.

4) Nodes running VMs can support any type of NFs. The
computing and cache capacity required by each type of
NFs are fixed.

5) A service request is rejected if the flow rate of the service
at the source node is controlled to be zero according to
the designed RGBA based scheme.

6) A packet retransmission scheme under the statistical eval-
uation of channel quality is enabled to ensure packets to
be successfully received by the AP [22].

7) Each physical link between Cloudlets has sufficient band-
width capacity for supporting serving.

Based on the above assumptions, we consider the config-
uration policy of individual slices, which consists of packet
rate control, computation offloading, transmit power allocation,
packet retransmission and packet scheduling.

1There is an infinite amount of data bits awaiting to be transmitted in the
output buffer associated with each data source [21].
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For ease of presentation, we define some notations. Denote
by V the set of servers, I the set of users, vi0 the server of user
i ∈ I, and S the set of servers installed both in Cloudlets
and APs. Thus V = {vi0 ∪ S|∀i ∈ I}. According to the
assumptions, each mobile device/user has one slice request.
Similar to [9], each slice request has a QoS requirement, i.e.,
the latency requriemnt denoted by Di. A new metric, successful
transmission probability, is considered for slice request, which
is introduced in Section IV. We denote by Ki the set of arriving
packets per time slot of user i to be scheduled. We model the
SPG as a weighted directed graph Gi = (Ji,Ei), where Ei is
the set of virtual links connected to NFs and Ji is the set of NFs
required by slice request i ∈ I. The SPG design is based on the
algorithm proposed in our previous work [11]. Denote by yi
the transmit power of user i ∈ I. Set yi ≤ Y max

i where Y max
i

is the maximal power at user i. We define packet scheduling
policy as a 0-1 variable xv,k,i,j with xv,k,i,j = 1 indicating that
packet k ∈ Ki requiring NF j ∈ Ji is scheduled to server v ∈ V
and xv,k,i,j = 0 otherwise. We define flow rate control policy
as a 0-1 variable xk,i with xk,i = 1 indicating that packet
k ∈ Ki is admitted to the network and xk,i = 0 otherwise. We
define the maximum number of packet retransmission trails of
packet k ∈ Ki as an integer variable x

(u)
k,i .

TABLE I
PARAMETERS AND VARIABLES

Notation Parameter
Achievable uplink transmission rate between user i and AP
a

ri,a

Fairness tuning parameter of service i ai
Outage probability of user i P out

i
Server CPU processing speed of one packet at node v Cv

Server cache capacity of node v Hv

Set of arriving packets at user i to be scheduled Ki

Set of Access Points A
Set of servers in Cloudlets S
Set of NFs required by service i Ji
Set of parallel group of service i Zi

Notation Variable
Indicator variable that whether packet k of service i
requiring NF j is scheduled to server v or not

xv,k,i,j

Fraction of flow of service i requiring NF j scheduled to
server v

xv,i,j

The number of (re)transmissions of packet k of service i
requiring NF j under link outages

x
(u)
k,i

The number of (re)transmissions of flow of service i
requiring NF j under link outages

x
(u)
i

Transmission power of user i yi

IV. MODEL AND PROBLEM FORMULATION

In this section, we begin with presenting the models of
wireless channel, packet retransmission, packet scheduling
and end-to-end packet delay. Then, we formulate the FTMP
problem. At last, we analyse the complexity of the problem.

A. Wireless Channel

Mobile devices using the same frequency bands suffer from
co-channel interference. Denote by Qi the set of users using
the same channel frequency with user i.

According to Shannon theory, the achievable uplink trans-
mission rate between user i ∈ I and the associated AP is given
by

ri(y) = Blog2(1 + γi(y)), (1)

where y is the set of yi, i ∈ I, B is the channel bandwidth,
γi(y) = Ai(yi)

Bi(y)
is the signal-to-interference-plus-noise ratio

(SINR) of user i. Specifically, we have Ai(yi) = |hi,j |2yi and
Bi(y) =

∑
j ̸=i,j∈Qi

|hi,j |2yj + δ2, where hi,j is the channel
gain between user i and AP j, and δ2 is the average power of
additive white Gaussian noise. During each signalling period,
devices can periodically report the measured channel quality
indicator (CQI) to the associated AP. Parameter hi,j can be
updated based on the received CQI and power allocation policy
[23].

Similar to [24] and [25], we assume the small-scale Rayleigh
fading with path loss model for the wireless channel. At the
physical layer, the packet successful transmission probability
can be modelled as the channel link outage probability model
[25], which is given by

P out
i (y) =Pr[γi(y) < γth]

=1− e−γth/γi(y), (2)

where γth is the predefined SINR threshold for receiving a
bit [25]. Naturally, the successful transmission probability of a
packet is given by 1− P out

i (y).

B. Packet Retransmission

To enhance system performance in terms of the transmission
reliability on wireless channel, a retransmission scheme is
incorporated for the AP to successfully receive the packet in
NEPMec. When an outage occurs, the packet will stay at the
head of the buffer and be retransmitted until it is successfully
received [22]. We define the transmission trial of one packet as
a Bernoulli random variable which takes the value 1 (success)
with probability 1 − P out

i (yi) and the value 0 (failure) with
probability P out

i (yi). Denote by slk,i the lth transmission trial
of packet k ∈ Ki, and thus a collection of Bernoulli random
variable slk,i is independent and identically distributed. We
define that the maximum value of l is x

(u)
k,i . If a packet needs

to be uploaded to MEC servers, the AP shall successfully
receive the packet, which means that the probability that a
packet is successfully received by the AP under the packet
retransmission scheme equals one. Thus, we have

x
(u)
k,i (1− P out

i (y)) =

{
1, if

∑
v∈V/{vi

0|∀i∈I} xv,k,i,j > 0,

0, if
∑

v∈V/{vi
0|∀i∈I} xv,k,i,j = 0.

(3)

We give a brief analysis about x(u)
k,i is given here. According

to the equations of reliable transmission (3) and channel
transmission delay (10) , when the channel outage probability
is large, x

(u)
k,i is large, resulting in a large channel transmis-

sion delay. To meet the delay requirement, packets shall be
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scheduled to servers which have low processing and queuing
delay when the channel transmission delay is large. If no such
servers exist, the packets shall be rejected.

C. Packet Scheduling

Scheduling of packets enables efficient utilization of re-
sources and load balancing in the NFPMec. Fig.2 gives an
example of packet scheduling procedure from a user to servers
in APs or Cloudlets. Given packet buffer Ki at user side, packet
k, k ∈ Ki, requiring NF f1 and NF f2 is processed locally,
and then uploaded to NF f3 for processing in the server at
AP/Cloudlet side.

Constraint (4) indicates that packet k has to be scheduled
to all required NFs to finish the service procedure. Constraint
(5) ensures that packets processed by NF j + 1 at the server
have been processed by NF j in the same SPG, which avoids
unnecessary round trip delay of wireless transmission and saves
radio resources. Constraint(6) ensures that the packet can be
scheduled only to the server with sufficient processing capacity,
where Cv is the CPU processing speed for one packet at node
v. Constraint (7) ensures that the packet can be scheduled only
to the node with sufficient cache capacity, where wj is the
cache capacity required by NF j and Hv is the cache capacity
of node v.

xk,i =
∑
v∈V

xv,k,i,j ,∀j ∈ Ji, (4)

xvi
0,k,i,j

− xvi
0,k,i,j+1 ≥ 0,∀i, j, (5)

Cv −
∑
i,k

xv,k,i,j ≥ 0,∀v, j, (6)

Hv −
∑
i,j,k

xv,k,i,jwj ≥ 0,∀v. (7)

D. End-to-end Packet Delay

The delay of a packet traversing an SPG is defined as
the sum of the processing delay, queueing delay and channel
transmission delay. The propagation delay in links between
two cloudlets is less than 0.1 ms [26]. Moreover, the number of
hops between the source and sink nodes in an MEC network is
much smaller than that in the data center. In an MEC network,
compared with the end-to-end delay of packets traversing the
slice, which ranges from 1 ms to 100 ms, the latency in
backhaul links could be reasonably ignored [27].

M/M/n queue model is adopted for deriving the queueing
delay. The incoming packets are waiting in the queue of NF
for processing. We denote by x′ the vector of xv,k,i,j , and by

dqv,j(x
′) the average queuing delay of each packet by node v

for NF j ∈ Fi. d
q
v,j(x

′) is given by [16], i.e.,

dqv,j(x
′) =

1

Cv −
∑

i∈I
∑

k∈Ki
xv,k,i,j

. (8)

We denote by dv the processing delay of one packet by an NF
at server v with CPU processing speed Cv , which is given by

dv =
1

Cv
. (9)

The average channel transmission latency of one packet under
packet retransmission is given by

d
(u)
i =

x
(u)
k,i

ri(y)
. (10)

For a sequential SFC, the delay of packet k ∈ Ki is the
summation of (8), (9) and (10), which is

T 1
k,i(x

′, yi) =
∑
j∈Ji

∑
v:xv,k,i,j>0,k∈Ki

(dqv,j(x
′) + dv) + d

(u)
i .

(11)

For an SPG, we denote by J(z)i,l the lth sub-chain in set
z in the SPG of user i. The NFs in J(z)i,l are constructed in
a sequential way. Meanwhile, sub-chain J(z)i,l can work in a
parallel way with sub-chain J(z)i,l′ in the same set z. We denote
by |Zi| the number of such parallel sets in the SPG of user i.
In an SPG, (11) can be rewritten as

T 2
k,i(x

′, yi) =
∑
z∈Zi

max
l
{
∑

j∈J(z)i,l

∑
v:xv,k,i,j>0,k∈Ki

(dqv,j(x
′) + dv)}

(12)

+d
(u)
i .

This is a generalized delay model which can represent the delay
of both sequential SFCs and SPGs. Therefore, (12) will be
applied in the following problem formulation.

E. Optimization Problem Formulation and Analysis

In this section, we formulate the problem with the objective
of maximizing the fairness-aware system throughput. As the
total average throughput of the flow is the number of admitted
packets in a fixed duration, the total average throughput of user
i is defined as ηi =

∑
k∈Ki

xk,i. According to Lemma.2 in
[28], we introduce the utility function to consider the fairness
among service flows, which is given as

Ui(ηi, ai) =

{
(1− ai)

−1η1−ai
i , if ai ̸= 1,

log(ηi), if ai = 1,
(13)

where ai is a fairness tuning parameter of user i. When ai = 0,
the problem is a throughput maximization problem. A greater
ai means that user i prefers more throughput than fairness or
user i intends to pay more to get better service. Then, the
fairness-aware throughput maximization problem (FTMP) is
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formulated as the following Problem 1 (P1).

P1 : max
x
(u)
k,i ,xk,i,xv,k,i,j ,yi

∑
i

Ui(ηi, ai) (14)

s.t. Di − T 2
k,i(x

′, yi) ≥ 0,∀i, (14a)

(3)− (7), (14b)

x
(u)
k,i ∈ {0, 1, ...}, xk,i, xv,k,i,j ∈ {0, 1}, yi ∈ [0, Y max

i ],

(14c)

where (14a) ensures that the delay requirement of each service
is satisfied.

In this paper, we adopt (p,a)-proportional fairness for mul-
tiple users with NFP, which is a generalization of proportional
fairness and max-min fairness [28].

Definition of (p,a)-proportional fairness: Let p1, . . . , pN and
a be positive numbers, and then a vector of rates x∗ is (p,a)-
proportionally fair if it is feasible and for any other feasible
vector x

∑
i pi

xi−x∗
i

x∗
i
a < 0.

Furthermore, consider the following optimization problem:

P : max g =
∑
s∈S

Us(xs), (15)

s.t. ATx ≤ C, x ≥ 0, (16)

where a source-sink s is associated with a user; Us(xs) is the
utility associated with xs; the objective is to maximize the
aggregate utility of rates x = {xs, s ∈ S}; the constraints
are the network capacity constraints. According to Lemma 2
in [28], the vector x∗ solves the problem P with the utility
function if and only if x∗ is (p,a)-proportionally fair. Since
the problem P1 has the same structure as the problem P, the
Lemma 2 [28] holds for the problem P1 as well.

Then, we prove that the formulated FTMP is NP-hard. The
way of the proof is reducing the FTMP to a problem that is
a special case or generalized instance of the FTMP (called
SFTMP). Then, we reduce the SFTMP to a well-known NP-
hard problem, i.e., Bin Packing (BP) problem, as given in
Proposition 1. The time used in these two reductions is both
polynomial. Thus, the FTMP is also NP-hard. Formally, we
give the definition of BP and SFTMP as following,

Definition 1. The BP is denoted by BP = (Q,B), where Q
is the item set and B is the bin set, items in Q of different
sizes are to be packed into bins in B with fixed sizes so as to
maximize the number of packed items. The size of bin b ∈ B
is R-dimensional value with eb = (eb,1, · · · , eb,R), where eb,r
denotes the size of bin b in rth dimension. The size of item is
q ∈ Q with mq = (mq,1, · · · ,mq,R), where mq,r denotes the
size of item in rth dimension.

Definition 2. In the SFTMP, suppose that we are given
an FTMP with known fairness factor ai, ai ∈ [0, 1] and
fixed power allocation scheme y (we design an algorithm
to find y in polynomial time). The SFTMP is denoted by
SFTMP = (K,V, Di, Cv, Hv), where K = ∪i∈IKi. SFTMP
aims at maximizing the number of packets allowed to be
inserted in to the network and guarantees latency requirements

Packet 1  Packet 2

Node 1 Node 2

Item 1 with profit 0.5

Item 3 with profit 1

Item 2 with profit 0.5

Packet 1 with profit 0.5

Packet 2 with profit 0.5

Packet 3 with profit 1

Node 1 Node 2Bin 1 Bin 2

Bin 1 Bin 2

(a) 

(b) 

BP (Q,B): |Q|=|B|=2

𝑥 1,1 = 1 

𝑥 2,2 = 1 

𝑅 = 3 

𝑚𝑞 = 𝑚𝑘  

𝑒𝑏 = 𝑒𝑣 

Item 1 Item 2 

𝑥 1,1,1,1 = 1 

𝑥 2,2,2,1 = 1 

𝑅 = 3 

𝑚𝑘 = (𝑓𝑇 𝑥, 𝑦  , 1, 𝑤𝑘) 

𝑒𝑣 = (0.9, 𝐶𝑣 , 𝐻𝑣) 

SMFTP (K,V,Ti,Cv,Hv): |K|=|V|=2

BP (Q,B): |Q|=3,|B|=2 SMFTP (K,V,Ti,Cv,Hv): |K|=3,|V|=2

𝑥 1,1 = 1 

𝑥 2,2 = 1 

𝑥 3,1 = 1 

𝑅 = 3 

𝑚𝑞 = 𝑚𝑘  

𝑒𝑏 = 𝑒𝑣 

𝑥 1,1,1,1 = 1 

𝑥 2,2,2,2 = 1 

𝑥 1,3,2,1 = 1 

𝑅 = 3 

𝑚𝑘 = (𝑓𝑇(𝑥, 𝑦 ) ,1, 𝑤𝑘) 

𝑒𝑣 = (0.9, 𝐶𝑣 , 𝐻𝑣) 

Fig. 3. Two examples of reduction from the BP to the SFTMP.

(Di,∀i ∈ Ki) without exceeding server computing and cache
capacity (Cv and Hv,∀v ∈ V).

Proposition 1. The reduction from SFTMP to BP uses poly-
nomial time (BP<p SFTMP).

Proof: For each instance BP = (Q,B), we construct an
instance SFTMP = (K,V, Ti, Cv, Hv) as follows. As an
example shown in Fig.4 (a), there are two packets requiring
NF1 and NF2 respectively. First, set K such that packet k is
in K if and only if item q is in Q, where q is called k′s
corresponding item in Q. The size of packet k is the same
as k′s corresponding item in Q. Set R = 3, as there are
three constraints in SFTMP, i.e., latency, computing capacity
and cache capacity. Set mk,1 = fT (x, y,Di), mk,2 = 1 and
mk,3 = wk, where fT (x, y,Di) is a function that takes value
1 if Di < T (x, y), k ∈ Ki and 0 otherwise; and wk = wj

means that packet k requires NF j. Set V such that server
v is in V if and only if bin z is in B. The size of each
bin is the same as its corresponding item. For the bin size,
set ev,1 = 0.9, ev,2 = Cv and ev,3 = Hv . The reasons
of setting ev,1 = 0.9 is that a scheduling solution x is not
feasible if packet k is scheduled to node v under x violating
delay constraint, i.e., fT (x, y,Di) is set to 1 which is larger
than 0.9 if Di < T (x, y), k ∈ Ki. Clearly, in this instance
SFTMP = (K,V, Ti, Cv, Hv), the corresponding items and
bins in BP = (Q,B) can be constructed in polynomial time. In
addition, let xBP with xq,b = 1 be a solution to BP = (Q,B)
and x with xv,k,i,j = 1 be a solution to SFTMP such that
packet k is scheduled into node v if and only if item q is packed
into bin b. Obviously, x is a feasible solution to SFTMP
if and only if xBP is the solution to BP . Fig.4 (b) shows
an example of the extension version of BP, which is used to
show a more generalized reduction. There are two packets, one
requiring NF1 and NF2, and the other only requiring NF1.
Items in Q of different sizes are to be packed into bins in B
with fixed given sizes to maximize the sum of profit of packed
items. Based on that the profit of packet k is set to 1/|Ji|,
we set the profit of these two packet to 1/2 and set the profit
of the latter packet to 1. Then, an extension version of BP is
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reduced to the SFTMP.

V. THE PROPOSED ALGORITHM FOR THROUGHPUT
MAXIMIZATION

In this section, we present the relaxation-based Generalized
Benders algorithm (RGBA) to solve the FTMP and prove the
convergence of RGBA. The time complexity of the proposed
RGBA is also analysed.

A. Relaxation-based Generalized Benders Algorithm

The FTMP is an NP-hard problem which is reduced from the
BP or the extension version of BP. The common approximate
algorithms for integer problems are not feasible, such as Next-
fit, First-fit, Best-fit and Worst-fit, as the FTMP is formulated
as a mixed-integer problem. An approach is to transform
the FTMP to a relaxation-based problem with continuous
variables, which has a linear objective function and nonlinear
constraint functions. By exploring and exploiting the structure
of nonlinear constraint (14a), we propose the relaxation-based
generalized benders (RGBA) algorithm based on the non-linear
convex duality theory, which decouples the FTMP that is non-
convex into two convex sub-problems. To solve the FTMP, we
shall first determine a feasible SPG for the service request by
the SPG construction algorithm in [11].

The proposed RGBA consists of four steps. In STEP 1, the
FTMP is transformed to the relaxation-based FTMP (RFTMP)
with continuous variables. In STEP 2, we decompose the
RFTMP into two subproblems. In STEP 3, we solve the
sub-problem 1 by Karush-Kuhn-Tucker (KKT) approach [29],
and the sub-problem 2 by convex approximation and KKT
approach. In STEP 4, we determine the value of x

(u)
k,i , and

whether each xv,k,i,j and xk,i should be 0 or 1 based on the
relaxed solutions. The RGBA is summarized in Algorithm 1.

STEP 1: Before presenting the RFTMP, we define some
parameters as follows. We denote by λi the average flow rate
(λi = |Ki|) of service i, xv,i,j the fraction of flow of service i
requiring NF j scheduled to server v, and xi the fraction of flow
of service i admitted into the network, where λi is constant
and xv,i,j , xi ∈ [0, 1]. By relaxing x

(u)
k,i ,

∑
k∈Ki

xv,k,i,j and∑
k∈Ki

xk,i in the original FTMP to x
(u)
i (x

(u)
i ∈ R+), λixv,i,j

and λixi, respectively, we get the following RFTMP.

RFTMP : max
x
(u)
i ,xi,xv,i,j ,yi

∑
i

Ui(ηi, ai) (17)

s.t. Di − T 2
i (x

′′, yi) ≥ 0,∀i, (17a)
(3)− (7), (17b)

x
(u)
i ∈ R+, xi, xv,i,j ∈ [0, 1], yi ∈ [0, Y max

i ],
(17c)

where x′′ is the vector of xv,i,j , T 2
i (x

′′, yi) =∑
z∈Zi

maxl{
∑

j∈J(z)i,l

∑
v:λixv,i,j>0(

1
Cv−

∑
i∈I λixv,i,j

+dv)}+
x
(u)
i

ri(y)
; constraint (3) is relaxed to x

(u)
i (1 − P out

i (y)) = 1,

if
∑

v∈V/{vi
0|∀i∈I} xv,i,j > 0 and x

(u)
i (1 − P out

i (y)) = 0,

if
∑

v∈V/{vi
0|∀i∈I} xv,i,j = 0; constraint (4) is relaxed to

xi =
∑

v∈V xv,i,j ,∀j ∈ Ji; the other constraints in (17b) are
correspondingly relaxed, and we do not list them.

STEP 2: We introduce to use the generalized benders (GB)
to decompose the RFTMP. We exploit the special structure of
P1, i.e., P1 is not concave in x and y jointly, but fixing y
renders the problem concave in x, where x is the vector of
variables xv,i,j , xi and x

(u)
i , and y is the vector of variables

yi. We notice that the RFTMP is non-concave since constraint
(17a) is non-concave (the second factor at the RHS is non-
concave in delay model (12)). However, if we fix yi in (12),
(17a) is concave due to the property that if g1(x) and g2(x)
are convex, h(x) = max{g1(x), g2(x)} is convex. Based on
the above property of of P1, we can project the RFTMP into
the master problem (P2) by using GB approach.

P2 : max
y∈Y,z

z (18)

s.t. z ≤ supremumx∈X{f(x, y) + utG(x, y)}, u ≥ 0,
(18a)

supremumx∈X{ωtG(x, y)} ≥ 0, ω ∈ Ω, (18b)

Ω = {ω ∈ Rm|ω ≥ 0,

m∑
i=1

ωi = 1}, (18c)

where f(x, y) = maxx,y
∑

i Ui(ηi, ai) is the objective of the
RFTMP; G(x, y) = (g1(x, y), · · · , gm(x, y)) is the vector of
constraints of the RFTMP; (18b) ensures that all constraints are
satisfied, i.e., y ∈ Y ∩ V, V := {y : G(x, y) ≥ 0 for some x ∈
X}. The explicit expression of G(x, y) can be found in
Appendix B. Theorem 1 provides theoretical support that the
P2 is equivalent to the original RFTMP.

Theorem 1. The RFTMP can be constructed to an equivalent
problem with the form of P2.

Proof: The proof is given in Appendix.
Solving the RFTMP directly is hard, but we can use the non-

linear dual method to solve the P2 effectively. By using the
dual method, the procedure of solving P2 that is equivalent
to iteratively solving P3 and P4. The iterative algorithm
involving the P3 and P4 proceeds until an acceptable tolerance
is reached. The formal statement of using the dual method is
given as below.

1) Let an initial point y satisfy G′(x, y) ≥ 0 with some x ∈
X , an initial ω0 satisfy (18c) and choose a convergence
tolerance parameter ϵ. Set p = 1, q = 0, LBD = 0.

2) Next we solve P3 (the first sub-problem), which is given
by

P3 : L∗(y;u) : = supremumx∈X{f(x, y) + utG(x, y)},
y ∈ Y, u ≥ 0, (19)

When solving P3 with fixed y, i.e., y = y, we need
to determine u. We obtain an optimal or near-optimal
multiplier vector u ∈ U(y) (e.g., by using interior-point
algorithm), where U(y) is the set of optimal solutions to
the dual of P1. If no such u exists, a near-optimal solution
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satisfying (11-1) in [30] can be calculated. Then, we can
get function L∗(y;u). Increase p by 1 and put up = u. If
L∗(y;u) > LBD, set LBD = L∗(y;u) as a lower bound
of the optimal value of the RFTMP.

3) Denote L∗(y;ω) := supremumx∈X{ωtG(x, y)}, y ∈
Y, ω ≥ 0. Determine ω̃ by superemumx∈X{ω̃G′(x, y) ≤
0} in (18c) and the function L∗(y; ω̃). Increase q by 1 and
set ωq = ω̃. Solve the current master problem (the second
sub-problem) with known up

P4 : max
y∈Y,z

z, (20)

s.t. z ≤ L∗(y;up), (20a)
L∗(y;ωq) ≥ 0. (20b)

We obtain an optimal solution (ỹ, z̃), where z̃ is an upper
bound on the optimal value of the RFTMP. If LBD ≥
z̃ − ϵ, the algorithm terminates; else, y = ỹ and go to 2).

STEP 3: The details of solving P3 and P4 are shown as
bellow.

Solve P3: P3 aims at maximizing the system throughput at
both user side and edge server side by optimally scheduling the
traffic flow with fixed power allocation. Since P3 is a concave
problem on X with fixed y, solving P3 is trivial. In this study,
we use KKT approach to solve it.

Solve P4: However, solving P4 is not easy, as the function
L∗(y;u) and L∗(y;ω) have no explicit forms. Fortunately, we
can observe that f(x, y) and G(x, y) in L∗(y;u) and L∗(y;ω)
are linearly separate. Based on this observation, we can get the
explicit closed-form of L∗(y;u) and L∗(y;ω) as

L∗(y;u) = C∗
1 + utG′

1(x) + utG′
2(y), (21)

L∗(y;ω) = C∗
2 + ωtG′

2(y), (22)

where C∗
1 = supremumx∈X{f ′

1(x) + utG′
1(x)} and C∗

2 =
supremumx∈X{ωtG′

1(x)}. The derivation is shown in Ap-
pendix. Because f ′

1(x) and G′
1(x) are linear, we can easily

get C∗
1 and C∗

2 . Then, P4 is rewritten as

max
y∈Y,z

z

z ≤ C∗
1 + utG′

2(y),

C∗
2 + ωtG′

2(y) ≥ 0.

Due to the constant part C∗
1 in the first constraint, P4 has an

equivalent form of

max
y∈Y

utG′
2(y)

C∗
2 + ωtG′

2(y) ≥ 0.

Based on the above proposition, P4 under up =
(up,i

1 , up,i
2 , · · · , up,i

m ) is rewritten as the following P5.

P5 :max
y∈Y

∑
i∈I

(u
(i)
j,1g

′,(i)
1,2 (y) + u

(i)
j,2g

′,(i)
2,2 (y)), (23)

s.t. C∗
2 +

∑
i∈I

(ω
(i)
j,1g

′,(i)
1,2 (y) + ω

(i)
j,2g

′,(i)
2,2 (y)) ≥ 0, (23a)

where g
′,(i)
1,2 (y) = − 1

B(1−P out
i (y))log2(1+

Ai(y)

Bi(y)
)

and g
′,(i)
2,2 (y) =

1− P out
i (y) = e

−γth
Bi(y)

Ai(y) according to Appendix B.
Observe that (23) is non-concave and (23a) is also non-

concave due to SINR Ai(y)
Bi(y)

. We cannot use the general concave
optimization methods to solve this problem. To solve this issue,
we first relax constraint (23a) to (24a) by setting yi in Bi(y)
to ymj that is the maximum transmit power of user j ∈ Qi,
i.e., Bi(y) =

∑
j ̸=i,j∈Qi

|hj,ai |2ymj +δ2. In other words, when
considering the SINR threshold of all users, we assume that the
maximum interference is received by each user. To decrease the
influence of this assumption on the solution to this problem, the
protection ratio for receiving a bit could be set to a suitable
value that is smaller than the predetermined one. Then, we
rewrite P5 as P6, and introduce Proposition 2.

P6 :max
y∈Y

∑
i∈I

(u
(i)
j,1g

′,(i)
1,2 (y) + u

(i)
j,2g

′,(i)
2,2 (y)), (24)

s.t. y ∈ Ỹ . (24a)

Proposition 2. The corresponding constraint set Ỹ in (24a) is
a non-empty concave set.

Proof: The proof is given in Appendix.
After converting the constraint of P5 to a concave one, we

need to convert the objective (24) to a concave one. Indeed, P6
is a concave-convex sum-of-functions-ratio problem (CCSP)
belonging to fractional programming (FP) (i.e., a family of
optimization problems containing ratio term(s), e.g., SINR
ri(y) = Ai(y)

Bi(y)
from multiple interfering links) [31]. We can

convert the original non-convex problem P6 into a convex
problem by using FP theory [31]. The idea of FP theory is
to tackle the FP problem by introducing a set of auxiliary
variables and decoupling the numerator and denominator in
r(y). In the following, we first prove that P6 is a CCSP
with Proposition 4. Then, P6 is transform into an equivalent
problem, P7. In this way, we can use Algorithm 1 proposed
in [31] to solve P6.

Proposition 3. P6 belongs to CCSPs.

Proof: A problem belongs to CCSPs if and only if the
following conditions are satisfied, (1) Numerators Ai(y) in
ri(y) are all concave functions; (2) Denominators Bi(y) in
ri(y) are all convex functions; (3) The constraint set Ỹ is a
non-empty concave set; (4) A sequence of functions fi(·) in the
objective function

∑
i∈I fi(ri(y)) are not only non-decreasing,

but also concave.
It is easy to observe that Ai(y) and Bi(y) are both

linear functions. As a linear function is convex and also
concave, (1) and (2) are satisfied. (3) is also satisfied ac-
cording to the relaxed constraint (24a). Now consider (4).
Let fi(ri) = u

(i)
j,1ĝ

(i)
2,2(ri) + u

(i)
j,2ĝ

(i)
2,2(ri) where ĝ

(i)
1,2(ri) =

− 1

Bĝ
(i)
2,2(ri)log2(1+ri)

and ĝ
(i)
2,2(ri) = e−γth/ri according to (24).

We can easily find that fi(ri) is non-decreasing. The proof of
concavity of fi(ri) is omitted here due to limited pages. As
the sum of concave functions is also concave, (4) is satisfied.
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Algorithm 1 Relaxation-based Generalized Benders Algorithm
1: Input: Operator {V, Hv, Cv}, User {I, Zi, Y

max
i , Di,Ki}

2: Output: x, the vector of x
(u)
i , xi, xv,i,j and y, the vector

of yi
3: Initialization SPG construction algorithm [11].
4: Step 1 Problem relaxation
5: Step 2 and 3 Initialize y ← y,p← 0, q ← 0, ϵ← ϵ̃
6: repeat
7: up ← u (solve dual of P1)
8: p = p+ 1
9: x← L∗(y;u) (solve P3)

10: repeat
11: w̃ ← w ∈ {w|superemumx∈X{ω̃G′(x, ỹ) ≤ 0}, w ∈

Ω}
12: q ← q + 1
13: wq ← w̃
14: η∗i ← (26)
15: y ← y (solve P7 by Algorithm 1 in [31])
16: until Convergence
17: Return y
18: z̃ ← C∗

2 +
∑

i∈I fi(si(y, η
∗
i ))

19: until Convergence
20: Step 4 Algorithm 2

According to Proposition 3, we can apply quadratic trans-
form to P6 and rewrite it as P7 as below.

P7 :max
∑
i∈I

fi(si(y, ηi)) =
∑
i∈I

(u
(i)
j,1ĝ

(i)
1,2(si(y, ηi))+

u
(i)
j,2ĝ

(i)
2,2(si(y, ηi)), (25)

s.t. y ∈ Ỹ , ηi ∈ R, i ∈ I, (25a)

where si(y, ηi) = 2ηi
√

Ai(y)− η2iBi(y) [31]. Then, we have
the following critical propositions.

Proposition 4. The optimal ηi has closed form as

η∗i =
√
Ai(y)/Bi(y),∀i ∈ I. (26)

Proof: Fix y and set the first derivative of the objective
(25) in P7 to zero, then we can get η∗i =

√
Ai(y)/Bi(y),∀i ∈

I.
Based on Proposition 3 and 4, we have Proposition 5.

Proposition 5. fi(si(y, ηi)), ∀i ∈ I, is concave in y for a fixed
ηi.

Proof: When ηi is fixed, due to the concavity of each
Ai(y), the convexity of each Bi(y), and the concave square-
root function (

√
·), the quadratic transform si(y, ηi) =

2ηi
√

Ai(y) − η2iBi(y) is concave in y for fixed ηi. Further-
more, as fi(·), ∀i is concave and non-decreasing according to
Proposition 3, we have fi(si(y, ηi)), ∀i ∈ I, is concave in y
for a fixed ηi.

Therefore, P7 is a concave optimization problem over y,
which can be solved by using convex optimization methods

such as the KKT and the interior-point algorithm.
STEP 4: After we get x by Algorithm 1, the next step to

determine xv,k,i,j , xk,i and x
(u)
k,i is presented in Algorithm 2.

First, we determine x
(u)
k,i by x

(u)
k,i = ⌈x(u)

i ⌉ to satisfy constraint
(3). We define Kv,i,j = ⌈λixv,i,j⌉. For k ∈ {1, 2, ...,Kv,i,j},
xv,k,i,j is set to 1, and for k ∈ {Kv,i,j + 1,K + 2, ..., |Ki|},
xv,k,i,j is set to 0. To satisfy constraint (4), xv,k,i,j is set
to 1 for k ∈ {Kv,i,j + 1,Kv,i,j + 2, ...,Kv,i,j + δ} if
δ =

∑
v∈V xv,k,i,j −

∑
v∈V xv,k,i,j′ > 0, j ̸= j′. Then,

constraint (4) is satisfied and xk,i is set to
∑

v∈V xv,k,i,j .
Then, we sort λixk,i in a decreasing order. Denote by A the
threshold for rounding which equals the largest λixk,i. While
constraints (17a), (6) and (7) are not satisfied, for k ∈ Ki,
xk,i with λixk,i = A, xk,i = 1 is set to 0, and corresponding
xv,k,i,j with xv,k,i,j = 1,∀j ∈ Ji, v ∈ V is set to 0. After
xk,i with λixk,i = A is determined, if there still exist violated
constraints, a new iteration continues until all constraints are
satisfied.

Algorithm 2 The algorithm of determining xv,k,i,j , xk,i and
x
(u)
k,i

1: Input: x(u)
i , xi and xv,i,j

2: Output: xv,k,i,j , xk,i and x
(u)
k,i

3: x
(u)
k,i ← ⌈x

(u)
i ⌉, Kv,i,j ← ⌈λixv,i,j⌉

4: for all v ∈ V, i ∈ I, j ∈ Ji, k ∈ {1, 2, ...,Kv,i,j} do
5: xv,k,i,j ← 1
6: end for
7: for all k ∈ {Kv,i,j + 1,K + 2, ..., |Ki|} do
8: xv,k,i,j ← 0
9: end for

10: if
∑

v∈V xv,k,i,j −
∑

v∈V xv,k,i,j′ > 0, j ̸= j′ then
11: δ =

∑
v∈V xv,k,i,j −

∑
v∈V xv,k,i,j′

12: for all k ∈ {Kv,i,j + 1,Kv,i,j + 2, ...,Kv,i,j + δ} do
13: xv,k,i,j ← 1
14: end for
15: end if
16: xk,i ←

∑
v∈V xv,k,i,j

17: while Constraints (17a), (6) and (7) are not satisfied do
18: A = maxi∈I{λixk,i}
19: if λixk,i = A, xk,i = 1 then
20: xk,i ← 0 and corresponding xv,k,i,j ← 0
21: end if
22: end while

B. Convergence and Complexity Analysis

According to Theorem 2.5 in [30], several conditions should
be satisfied to guarantee the convergence of Algorithm 1. The
first condition is that the feasible region of both x and y is
non-empty and compact. Obviously, both X and Y are closed
and bounded, and thus they are compact. The second condition
is that f ′ and G′ are concave over x for fixed y ∈ Y and
continuous on X ×Y . This is true as mentioned in subsection
V-A. The third condition is that the multiplier vectors u of the
dual of P3 is non-empty. This condition is satisfied once P3
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has an optimal solution. As P3 is a concave programming,
an optimal solution exists when the algorithm converges. As
validated in [31], we can solve P6 (that is equivalent to P3)
using the proposed algorithm and enable it converge to a
stationary point in a finite steps. Above all, the convergence of
Algorithm 1 is proved.

We analyse the time complexity of the proposed RGBA here.
The maximum number of iterations, defined as L1 of the inner
layer and L2 of the outer layer of the RGBA, is either set
in advance or determined by appropriate stopping rule. The
complexity of SPG construction is O(|I| |Ji|3R), where R is the
number of parallel rules for the service request. The complexity
of the interior-point algorithm for solving P1 is O

(
n3.6

)
, where

n is the number of variables. We have n = 3 |I|+
∑

i∈⋖ |Ji| |V|,
where |I| is the number of users and |V| is the number of
servers. The complexity of the KKT approach for solving P3
and the Algorithm 1 in [33] for solving P7 are polynomial
time, i.e., O

(
np1

)
and O

(
np2

)
, respectively, where P1 and

P2 are positive numbers independent of n. Thus, the running
time of the RGBA is L2(O

(
np2

)
+L1(O

(
n3.6

)
+O

(
np1

)
))+

O(|I| |Ji|3R).

VI. PERFORMANCE EVALUATION AND DISCUSSIONS

In this section, we compare the performance of the proposed
RGBA with the optimal solution by brute force. As the running
time of brute force algorithm is accepted for the problem with
a small size, we consider a small-scale network, which has
less than 10 servers. We also compare the performance of the
RGBA with an upper bound by solving P1, where (14a) is
omitted and the network is a large-scale one with more than
20 servers. On the other hand, to verify the effectiveness of
incorporating NFP in the MEC framework, we compare the
performance of the proposed RGBA in the NFPMec with that
in the MEC. To demonstrate the effectiveness of the RGBA in
small-scale NFPMec networks (RSN) and the RGBA in large-
scale NFPMec networks (RLN), four benchmark algorithms
are employed as below.

1) The algorithm of getting an optimal solution to P1 in the
small-scale NFPMec (OSN): In the small-scale network,
the optimal solution to P1 is obtained by using brute-force
search algorithm.

2) The algorithm of getting an upper bound solution to a
relaxed-based P1 in the large-scale NFPMec (ULN): In
the large-scale network, the optimal solution of a relaxed
linear problem is used as an upper bound of the solution
to P1. This problem is set by omitting (14a) in P1.

3) The RGBA of getting a solution to P1 in the large-
scale/small-scale MEC network without deploying the
NFP (RLM/RSM): In the large-scale network, the se-
quential SFC structure is considered as the NFP is not
deployed, which means that the delay model (11) rather
than the general delay model (12) is used in P1.

4) The algorithm of getting an optimal solution to P1 in
the small-scale MEC network without deploying the NFP
(OSM): In the case of the small-scale network, the brute-

force is used as that in the OSN. The delay model is (11)
without deploying the NFP.

We examine the performance in terms of service flow rates,
delay requirements and fairness factors and service latency,
as well as the running time of the above algorithms. Similar
to [32], [33], other simulation parameters are set as given in
Table II. We conduct the simulations in in a simulation platform
based on MATLAB R2019b.

TABLE II
SIMULATION PARAMETERS

Parameter Value
Channel bandwidth 10 MHz
Delay requirements 2− 5 ms
Fairness factor 0− 1
Maximum transmit power of a user 1 W
Noise density 10−15 W/Hz
NF processing overhead at one node 7− 9 MB/Mbps
Number of users 10
Number of servers 8
Path loss 3.5
Packet size 264 bits
Processing rate of a user 1 bit/us
Scale parameter of Rayleigh distribu-
tion

1

SNIR threshold 25dB

Fig.4 shows the system throughput as a function of the
service flow rate λ. In the small-scale network, as shown
in Fig.4 (a), we can see that the system throughput of both
OSN and OSM increases linearly with service flow rate at
the beginning. Then, the knees of the curves of OSN and
OSM occur. This is because the available resources are reduced
with the service flow rate. The knee of the curve of OSM
occurs earlier than that of OSN, which demonstrates that the
NFP improves the system throughput compared with the MEC
network without deploying NFP. The advantage of NFP can
also be observed by comparing the curves of the RSN/RLN
and the RSM/RLM, as shown in Fig.4 (a) and (b). Moreover,
the RGBA achieves close-to-optimal throughput when the flow
rate is larger than 6 Mbps, whereas the RGBA has a much
lower complexity than the optimal brute force algorithm.

Fig.5 shows the system throughput as a function of delay
requirements. In the small-scale network as shown in Fig.5 (a),
for the same requirement of service latency, the RSM and the
OSM achieve lower throughput than the RSN and the OSN,
respectively. As can be observed, the system throughput of
four algorithms equals to zero at very low delay requirements
due to the limited capacity of network resources. In the large-
scale network as shown in Fig.5 (b), it can be observed that
the system throughput of the RLN increases with the delay
requirement, and is close to the upper bound by using ULN
when the delay requirement reaches 4.5ms. It is demonstrated
that the proposed RGBA can be used for the service with low-
latency requirements in the NFPMec.
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Fig. 4. Throughput when the service flow rate varies from 1 to 8 Mbps

Fig.6 shows the comparison between different components
of the end-to-end packet delay obtained by using RLN and
RLM respectively in the large-scale network , where the delay
requirement of all services is set to 3ms. As shown in the
figure, the average queueing and processing delay (Q&P delay)
of both the RLN and the RLM increases with the service flow
rate. The Q&P delay of RLM is twice as much as that of
the RLN, which indicates that the NFP efficiently decreases
the end-to-end delay of packets in the NFPMec. The average
retransmission delay (Ret delay) keeps stable in both RLM and
RLN, as we solve (25) to ensure the packets can be successfully
received in the fixed number of retransmission trials.

A. System Throughout and Delay

Fig.7 shows the throughput of slice as a function of the
service flow rate. To demonstrate the impact of both fairness
metric and delay requirement on throughput performance in
the NFPMec, we consider that there are only two slices in the
system with different delay requirements and fairness metrics.
In system 1, slice 1 has a pair of delay requirement and fairness
metric, i.e., (D1 = 3.0ms a1 = 0.8), and slice 2 has a pair
of (D2 = 2.0ms a2 = 0.8). In system 2, slice 1 and slice 2
have two pairs of (D1 = 3.0ms a1 = 1.0) and (D2 = 2.0ms
a2 = 0.1) respectively. In system 3, slice 1 and slice 2 have
two pairs of (D1 = 3.0ms a1 = 0.1) and (D2 = 2.0ms a2 =
1.0) respectively. In Fig.7 (a), the throughput of all slices first
increases with the service flow rate and then remain stable.
In system 1, both two slices have the the same fairness metric
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Fig. 5. Throughput when the delay requirement varies from 1 to 4.5 ms
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Fig. 6. End-to-end delay of one packet when the service flow rate varies from
1 to 8 Mbps

(a1 = a2 = 0.8), and slice 2 with more rigid delay requirement
(D2 < D1) achieves higher throughput than slice 1. In system
2, the fairness metric of slice 1 is 1.0, which is higher than
the fairness metric 0.1 of slice 2, and the delay requirements
of both slices are the same as that in the system 1. Comparing
the system 1 and the system 2, the throughput of slice 1 is
increased, whereas that of slice 2 is decreased. The similar
phenomenon is presented by comparing the throughput of two
slices in system 1 and system 3 as shown in Fig.7 (b). The
fairness metric largely increases the flexibility for both user
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Fig. 7. Throughput when the service flow rate varies from 1 to 8 Mbps

and service provider to provide fairness-aware and low-latency
services.

Fig.8 shows the running time of RSN, RSM, RLN, RLM
and ULN to get suboptimal solutions and OSM and OSN to
get optimal solutions in different cases respectively by using
the simulation parameters in Table II. Fig.8.(a) show that the
RGBA can obtain the optimal solution efficiently when the
size of substrate network and the length of SFC is moderately
(10 users and 8 servers) . Fig.8.(a)-(b) shows that the SPG
construction algorithm has only trivial impact on the running
time of the RGBA. In Fig.8.(b), we can see that the running
time of RLN, ULN and RLM increases fast as the number of
servers. This is consistent with the complexity analysis.

VII. CONCLUSIONS

In this study, we have proposed the NFPMec framework
for serving low-latency services. We have formulated the
FTMP to achieve a desired trade-off between system revenue
and performance isolation for slices. The FTMP is solved to
maximize the system throughput with bounded system resource
capacity while meeting the delay requirements of users. We
have proposed the RGBA to solve the FTMP by equivalently
solving two sub-problems, which can be solved much easier
after convex approximation. The Numerical results have proved
the advantage of introducing the NFP into MEC networks, as
well as the effectiveness of the proposed RGBA compared with
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Fig. 8. Time versus the service flow rate,

the four benchmark algorithms. This framework can provide
efficient and fairness-aware traffic management for the services
with low-latency requirements in future MEC.

APPENDIX A
PROOF OF THEOREM 1

We prove it by showing that the RFTMP has satisfied the
necessary conditions for holding Theorem 2.2 and Theorem
2.3 in [30]. Theorem 2.2 and Theorem 2.3 are demonstrated
based on non-linear duality theory, which demonstrate that
transformation manipulations applied to the RFTMP yield an
equivalent problem in the form of P2.

There are two conditions for holding Theorems 2.2 in [30].
1) Fix y in the RFTMP, G(x, y) is concave on X . We observe
that (14a) is concave on X since the first factor at the RHS
of (12) is convex on X when fixing y and the rest constraints
in G(x, y) is linear. Above all, G(x, y) is concave on X when
fixing y. 2) Zy := {z ∈ Rm|G(x, y) ≥ z for some x ∈ X}
is closed for each y ∈ Y . We observe that each element of
G(x, y) is continuous on X for each fixed y in Y and X is
closed. Hence, Zy must be closed for each y ∈ Y .

There are two conditions for holding Theorems 2.3 in [30].
1) v(y) is finite where v(y) := supremumx∈Xf(x, y), and
G(x, y) ≥ 0. We observe that since X is closed, v(y) is finite
when fixing y to y. 2) G(x, y) and f(x, y) are continuous
on closed X , and the ϵ-optimal (ϵ ≥ 0) solution of the



13

optimization problem with fixed y named as P∗ as shown
below is non-empty.

P∗ : max
x∈X

f(x, y),

s.t. G(x, y) ≥ 0.

The optimization problem P∗ is indeed a flow scheduling
problem with fixed power allocation. There exists an optimal
solution to the flow scheduling problem if and only if the
constraints G(x, y) are satisfied for some x ∈ X , X is
non-empty. When condition 2) is satisfied, Theorems 2.3 is
satisfied. Theorems 2.3 in [30] also demonstrates that the
optimal value of P4 equals that of its dual that is v(d)(y) =
infimumu≥0[supremumx∈Xf+utG(x, y)], y ∈ Y ∩V . This
concludes the proof.

APPENDIX B
DERIVATION OF CLOSED-FORM OF L∗(y;u) AND L∗(y;ω)

Based on the observation, f(x, y) and G(x, y) are linearly
separate. Specifically,

f(x, y) = f ′
1(x) + f ′

2(y),

gj(x, y) = g′j,1(x) + g′j,2(y),

where f ′
2(y) = 0. We denote G′

1(x) = {g′j,1(x)|1 ≤ j ≤ m}
and G′

2(y) = {g′j,2(y)|1 ≤ j ≤ m}. We thus have L∗(y;u)
and L∗(y;ω) in an explicit form

L∗(y;u) = supremumx∈X{f ′
1(x) + utG′

1(x)}+ utG′
2(y),

L∗(y;ω) = supremumx∈X{ωtG′
1(x)}+ ωtG′

2(y),

where g′j,2(y) = (g
′,(1)
j,2 (y), · · · , g′,(i)j,2 (y), · · · , g′,(|I|)j,2 (y)), 1 ≤

j ≤ m and

g
′,(i)
1,2 (y) = − 1

B(1− P out
i (y))log2(1 +

Ai(y)
Bi(y)

)
,

g
′,(i)
2,2 (y) = 1− P out

i (y) = e
−γth

Bi(y)

Ai(y) ,

g
′,(i)
j,2 (y) = 0, 3 ≤ j ≤ m.

APPENDIX C
PROOF OF THE CONCAVITY OF CONSTRAINT (23A)

By relaxing Bi(y) to B̃m = Bi(y
m), g′,(i)1,2 (y) and g

′,(i)
2,2 (y)

are rewritten as

g̃
′,(i)
1,2 (y) = f(y)g(y),

g̃
′,(i)
2,2 (y) = e

−γthBm

Ai(y) ,

where

f(y) = −B−1e
−γthBm

hy , h = |hi,ai
|2,

g(y) = (log(1 +
hy

Bm
))−1.

Then, the derivatives of f(y) and g(y) are given by

f ′(y) = ∆1y
−2e

B∆1
y ,∆1 = γthB

m(Bh)
−1

,

g′(y) = −h(Bm + hy)−1(log(1 +
hy

Bm
))−2.

The second derivatives of f(y) and g(y) are given by

f ′′(y) = −2∆1y
−3e

B∆1
y −B(∆1)

2y−4e
B∆1

y ,

g′′(y) = h2(Bm + hy)−2(log(1 +
hy

Bm
))−2(2(log(1 +

hy

Bm
))−1

+1).

As (g̃
′,(i)
1,2 (y))′′ = f ′′(y)g(y)+2f ′(y)g′(y)+ g′′(y)f(y), we

have

(g̃
′,(i)
1,2 (y))′′ = −2∆1y

−3e
B∆1

y (log(1 +
hy

Bm
))−1

−B(∆1)
2y−4e

B∆1
y (log(1 +

hy

Bm
))−1 − 2∆1y

−2e
B∆1

y h(Bm

+ hy)−1(log(1 +
hy

Bm
))−2 −B−1e

B∆1
y h2(Bm + hy)−2

∗ (log(1 + hy

Bm
))−2(2(log(1 +

hy

Bm
))−1 + 1).

In the same way, (g̃
′,(i)
2,2 (y))′′ can be obtained by

(g̃
′,(i)
2,2 (y))′′ = (d/dy(e

k
y ))′ = (−y−2ke

k
y )′ = ky−4e

k
y (k +

2y) = −B∆1y
−4e

−B∆1
y (−B∆1 + 2y), where k =

−γthBmh−1 = −B∆1. Thus, we have (25).
It can be easily observed that Γ2,3,4 < 0. According

to fundamental inequalities log(1 + x) ≥ x/(1 + x) and
ex ≥ (x + 1), C is a positive constant and normalize B such
that 0 < B < 1. Γ1 is also negative as

2B−1ye
2B∆1

y + (2y −B∆1)log(1 +
hy

Bm
)

> 2B−1y(
2B∆1

y
+ 1) + (2y −B∆1)

hy

Bm + hy

=
C + 2yB−1(Bm + hy + hyB + (2γth − 0.5γthB)Bm)

Bm + hy

> 0.

As the second derivative is always negative, the corresponding
constraint set Ỹ in (24a) is concave. This ends the proof.
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