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Abstract— Mobile edge computing (MEC) is an enabling tech-
nology for low-latency AI applications, by caching AI services
originally deployed in remote data centers to 5G base stations
in network edge. Due to limited computing resource of 5G base
stations, not all services can be cached in base stations to meet the
resource demands of user requests. Also, if the workload of a 5G
base station reaches to its resource capacity, the energy consump-
tion of the base station will be pushed up exponentially. To reduce
the energy consumption and overcome resource limitations on
base stations, an alternative is to allow the base stations to
collaborate with each other to admit user requests. In this paper,
we investigate the problem of collaborative service caching and
request offloading between a 5G-enabled MEC and remote data
centers, while meeting the quality of service (QoS) requirements
of users, and resource capacities on base stations that are
operated by multiple selfish network service providers. We aim
to maximize the total payoff of all base stations. To this end,
we first propose a two-stage optimization framework: In the first
stage, we develop a mechanism that adopts a best-reply rule for
dynamically distributed coalition formation. In the second stage,
we propose a near-optimal payoff allocation method by devising
a randomized algorithm with a provable approximation ratio.
We then evaluate the performance of the proposed optimization
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framework by extensive experimental simulations. Simulation
results show that the proposed framework outperforms its
counterparts by achieving at least 30% higher payoff and 20%
lower energy consumption of base stations.

Index Terms— Mobile edge computing (MEC), 5G networks,
service caching, request offloading, game theory, approximation
algorithms.

I. INTRODUCTION

ITH the rapid development of Al technologies, our

daily life is increasingly exposed to a plethora of
Al applications including autonomous vehicles, face verifica-
tion, online games, virtual/augmented reality (VR/AR), etc.
Such applications are delay-sensitive and computationally-
demanding [6]. Executing computing-intensive Al applications
on user mobile devices, typically is constrained by low energy
capacities on the devices, which is inefficient and may not
meet the ultra-low delay requirements of their users. The
emerging 5G technologies and mobile edge computing (MEC)
are capable to shorten the end-to-end delays of Al appli-
cations [24], [27], [38] significantly, by pushing computing
infrastructures to the edge of a 5G-enabled MEC, thereby
enabling service provisioning within the proximity of mobile
users. However, typical 5G base stations consume up to twice
or even more power than 4G base stations in terms of data
processing and data transmission [58], and this pushes up
the operational costs of network service providers. Reducing
the energy consumption of 5G base stations thus is urgently
needed to reduce its operational cost of network service
providers. It is noted that the energy consumption of 5G
base stations typically become much quicker when they are
overloaded due to a need for more intense communications
and processing power. As such, in this paper, we investigate
the enabling of collaborations among base stations in the
process of service caching and task offloading, to balance the
workloads from overloaded base stations to light loaded ones
and thus reduce the overall energy consumption.

Due to the fully distributed nature of 5G-enabled MECs,
horizontal collaboration among base stations and vertical col-
laboration between base stations and remote data centers have
been envisioned as the keys to unleash the full potential and
lower the energy consumption of 5G-enabled MECs [9], [31].
As shown in Figure 1, on one hand, horizontal collaborations
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Fig. 1. An example of a 5G-enabled MEC with horizontal collaborations
among base stations and vertical collaborations between base stations and
remote data centers.

are needed to harness the limited computing resource capaci-
ties on base stations. Particularly, the amount of computing
resource attached to a base station is usually very limited
to process all user requests. Collaborative request offloading
enables a base station to forward its overloaded requests to
the other base stations for processing, such that the energy
consumption of base stations can be balanced and reduced.
On the other hand, vertical collaborations between base sta-
tions and remote data centers are necessary to meet the service
requirements of user requests. Specifically, network service
providers need to cache their services originally deployed in
remote data centers to the base stations of the 5G-enabled
MEUC. Such services may not be able to permanently cached in
the 5G-enabled MEC, given the limited capacity and network
dynamics. Thus, services can be cached in an on-demand
manner while their original service instances are kept in
remote data centers. In case the cached service instance is
no longer needed, it will be removed from the 5G-enabled
MEC and its original one continues to serve user requests.
In addition, each service is usually stateful [19]. Since the
states are critical for future request implementations, we need
to keep the state consistent between the cached and original
service instances. Therefore, the states generated in request
processing will be synchronized between a cached service
instance and its original one. In this paper, we study the prob-
lem of collaborative service caching and request offloading for
stateful network services in a 5G-enabled MEC via leveraging
both horizontal and vertical collaborations.

Collaborative service caching and request offloading in a
5G-enabled MEC pose several challenges. First, 5G small-
cell base stations broadcast over millimeter wave (mmWave),
whose transmission range is within only a few hundred meters.
A single network service provider may not just deploy a
necessary number of base stations to cover all its users,
due to a limited budget. This means that each base station
needs to collaborate with the other base stations owned by
different network service providers [12], [30]. Since network
service providers are selfish, each base station has uncertain
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information on the payoff functions of the other base stations.
Therefore, designing a near-optimal, distributed coalition for-
mation mechanism with uncertain payoff functions is the first
key challenge to enable the collaborative service caching and
request offloading in 5G-enabled MECs. Second, implement-
ing requests in base stations consumes the significant amount
of energy on data transmission and processing of the requests.
For example, reports show that 5G base stations consume
80% of the overall energy consumption in a 5G-enabled MEC
(which consists of the power consumption of switches, servers,
base stations, etc.), while their resource utilization usually
does not exceed 20% [20]. Therefore, how to optimize the
energy consumption of base stations in the 5G-enabled MEC
is another key challenge to reduce the operational cost of
5G-network service providers.

Both service caching and request offloading are effec-
tive approaches to optimize overall system performance of
5G-enabled MECs. Service caching however is different from
request offloading. Service caching refers to the provisioning
and caching of various application services and their related
libraries/databases in base stations, while request offloading
refers to the assignment of user computation requests to
different servers. Furthermore, collaborative service caching
and request offloading focus on both horizontal collaborations
among base stations and vertical collaborations between base
stations and remote data centers, to achieve complementary
and mutual benefits of remote data centers and local base
stations.

There are several studies on request offloading and service
placement [15], [36], [44], [56], most of them did not explore
horizontal collaboration among base stations in an MEC
network [36], [44]. However, there are studies that consider
edge collaborations [13], [35], [47]. For example, the study
in [47] explored the collaboration among services, i.e., services
cached in the same cloudlet are considered to form a coali-
tion. The study in [13] considered collaborations among base
stations. Most of the studies ignored the energy consumption
of base stations. Furthermore, the diversity of user computing
resource demands and the vertical collaboration between base
stations and remote data centers have not been considered.

To the best of our knowledge, we are the first to explore
energy-aware service caching and request offloading for state-
ful network services via leveraging both horizontal collabora-
tion among base stations in a 5G-enabled MEC and vertical
collaboration between base stations and remote data centers.
The main contributions of this paper are summarized as
follows.

o We consider a 5G-enabled MEC managed by multiple
network service providers. We formulate the collaborative
service caching and request offloading problem with
uncertain payoff functions of different network service
providers, by considering both energy consumption of
base stations and delay requirements of user requests.

o We propose an optimization framework that consists
of a distributed coalition formation procedure and a
near-optimal payoff allocation algorithm, with the aim
to maximize the total payoff of all coalitions. The
framework allows each base station to make its own
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decision independently based on a minimum set of infor-
mation, such that the frequency of interactions (mes-
sage exchanges for coalition formation) in the system is
minimized.

o We evaluate the performance of the proposed optimiza-
tion framework through extensive experimental simula-
tions. Simulation results show that the performance of
the proposed algorithms outperform existing studies by
achieving at least 30% higher payoffs and 20% lower
energy consumption of base stations.

The remainder of the paper is arranged as follows. Section II
surveys the state-of-the-art on this topic. Section III intro-
duces the system model, notations and problem formulation.
Section IV presents the optimization framework for the prob-
lem. Section V provides experimental results on the perfor-
mance of the proposed algorithms, and Section VI concludes
the paper.

II. RELATED WORK

Recently, computation offloading is the central focus of
many studies in mobile edge computing [22], [33], [38], [43],
[45], [54], [55], which deals with offloading user requests
from mobile devices to edge servers. For example, Chen and
Hao [10] investigated the problem of task offloading in a
software-defined ultra-dense edge network, with the aim to
minimize the processing delay of the task while saving battery
life of user equipment. Chen et al. [11] developed a novel
online small-cell base stations peer offloading framework to
avoid large latencies at overloaded base stations and provide
high quality of service to end users. These studies however did
not consider service caching and task offloading for stateful
services with state updating from remote data centers to local
base stations in an MEC.

Service caching and placement has also been studied in
MECs in the past years to improve the quality of service
requirements of mobile applications [5], [8], [16], [21], [23],
[31], [34], [39], [46], [48]-[50], [53], [56]. Existing works
on service caching focused mainly on when to cache, where
to cache, and what types of services to cache. For example,
Bi et al. [8] considered a single edge server that assists mobile
users to execute a series of computing tasks, where service
caching and computing offloading decision can be optimized
separately. Gao et al. [16] considered the problem of joint net-
work selection and service placement in MEC environments,
with an aim to improve the switching and communication
delays of mobile users. In [21], a controller named S-Cache
was designed to cache most popular services based on CPU,
RAM, and disk resources in an edge cloud. In [31], edge
service providers made caching decisions based on whether
they can meet the users’ utility requirements. Ma et al. [34]
leveraged the power of user mobility prediction to find an opti-
mal service placement in MEC networks. Zhang et al. [52]
proposed a novel service pushing and caching scheme in
overlay networks while the cache size of the router, the
maximum number of requests each router can serve, and
the entire time delay are limited. Poularakis er al [41]
investigated the service placement and the routing of user

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 70, NO. 2, FEBRUARY 2022

requests to corresponding edge servers, and also considered
multidimensional (storage-computation-communication) con-
straints. Xie ef al. [46] investigated the problem of offloading
user tasks to base stations and caching the service requested
by the user, such that the computation latency is minimized
while meeting a long-term energy consumption constraint.
Xu et al. [48] devised a stable Stackelberg congestion game
between an infrastructure provider and multiple network ser-
vice providers for the service caching problem in a mobile
service market. Xu et al. [49] considered bursty user demands
under the uncertainty of processing latency in MECs, and
solved the problem of dynamic service caching and task
offloading. Zhang et al. [56] investigated the popularity-based
caching strategy while considering the capacity constraints on
edge servers. There are also several related studies focusing
on task scheduling [4], [57], request routing [14], [41], and
workload scheduling [35]. The mentioned mechanisms in these
studies however cannot be directly applied to our problem,
because horizontal collaboration among base stations is largely
ignored. Further, none of these existing studies considered the
energy consumption of base stations and the uncertain payoff
of base stations in MEC networks.

Although there are several investigations on horizontal
service caching [13], [35], [47], most of them ignored the
vertical collaboration between base stations and remote data
centers. For example, Ma et al. [35] explored the cooperation
between edge nodes to optimize service caching and workload
scheduling with the aim to minimize service response time
and outsourcing business volume. Xu et al. [47] studied the
problem of service caching among multiple network service
providers in mobile edge networks from a static perspective.

Closely related to our study in this paper is the study
in [13], which investigated the collaborative service placement
problem that small-cell base stations can collaboratively decide
which services to place so that the number of available
services at an edge system is maximized. Our work differs
from the study in [13] as follows. We consider dynamic and
energy-aware horizontal and vertical collaborations with self-
ish players and uncertain payoffs in MECs, while only static
horizontal collaborations among base stations are explored
in [13].

In summary, we are the first to investigate the problem
of energy-aware service caching and request offloading in a
5G-enabled MEC via enabling both horizontal collaboration
among base stations and vertical collaboration between base
stations and remote data centers. We assume that each base
station does not know the payoffs of other base stations.
Making decisions under the uncertainty of payoffs is largely
ignored by existing studies on edge collaborations. We are
the first to develop novel coalition formation mechanisms for
collaborative service caching and request offloading under the
payoff uncertainty.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first introduce the system model, notions
and notations. We then describe the delay and energy con-
sumption models, and finally we define the problems precisely.
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Fig. 2. An example of temporary service caching. The cached service
instances of Sp, S2, and S3 in the base station process requests 71, r2,
and 73, and r4, respectively. However, 75 is processed by the original service
instance in the remote data center, because there is no cached service instance
of Sy in the base station. When the service is no longer requested by the user,
the cached service instances of S1, S2, and S3 are destroyed, and the state
data generated needs to be synchronized with the original service instances.

A. System Model

We consider a 5G-enabled mobile edge cloud (MEC)
G = (BSUDC,E) consisting of a set BS of 5G base
stations and a set DC of data centers with abundant computing
resources, as shown in Fig. 1. Base stations are owned by
different network service providers and deployed in densely
populated urban areas, such as shopping malls, sports centers,
airports and train stations. Each base station has a transmission
range and coverage area, users within the coverage area of
a base station can transmit and receive signals from the
base station. Denote by bs; such a base station in BS with
1 < i < |BS|. The coverage areas of different base stations
may overlap with each other. User equipment (UE), such as
mobile phones and VR headsets, access the services in the 5G-
enabled MEC via connecting to their registered base stations.
Each UE can be within the transmission ranges of multiple
base stations. However, each user located at a location only has
a single registered base station at each time. Let ue; and UE
be a UE and the set of UEs respectively, with 1 < j < [UE]|.

In a 5G-enabled MEC, base stations have both computing
and bandwidth resources to execute network services and
implement user requests. The computing resource of base
stations in BS is virtualized as containers. The bandwidth
resource is to guarantee data transmission rates from/to base
stations. For example, a “r5.12xlarge” VM instance in Amazon
EC2 has network bandwidth resource of 10 Gbps [1]. Denote
by C(bs;) and B(bs;) the computing and bandwidth capacities
of base station bs; € BS in the MEC, respectively.

B. Collaborative Service Caching and Request Offloading

We focus on services that are originally deployed in remote
data centers, which need to be cached into base stations
of a 5G-enabled MEC to improve latencies experienced by
users and save the energy consumption of the base stations.
However, due to the concerns on data security and privacy,
load balancing and limited computing capacity on each base
station, not all base stations have cached instances of each
service. We thus consider temporary service caching that
caches services from remote data centers to base stations
of the 5G-enabled MEC, which can be seen in Fig. 2. Let
S; be a service, and denote by S a set of such services.
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Clearly, we have S; € & with 1 < [ < |S|. The instance
of service S; will serve user requests once it is cached into
the 5G-enabled MEC, which is referred to as a cached service
instance. The original service instance of S; in the remote
data center will continue serving user requests if its service is
not cached to base stations, or the cached service instance has
been destroyed. Each .5; is stateful, and its state data generated
by a cached instance has to be updated to its original service
instance in a remote data center; otherwise, the service may
not function correctly when the cached instance is destroyed.

Since base stations have overlapping coverage areas in
5G-enabled MECs, there is no need to always cache an
instance of a service S; to the registered base station of a
user requiring S;. Instead, the instance of each service S; can
be cached into a nearby base station of its registered base
station. Then, a request requiring S; can be offloaded to the
base station with cached service instance from the registered
base station of the request. In other words, registered base
stations can offload their received user requests to other base
stations with cached service instances if these base stations
are within a group of common interest. Such grouping of
base stations is referred to as a coalition. We refer to such
service caching as collaborative service caching. The key of
collaborative service caching is to determine: (1) the optimal
number of instances of each service S; to cache, (2) the
caching locations of the instances in the 5G-enabled MEC,
and (3) finding stable coalitions of the base stations.

There is a set R of requests that need to be implemented by
services in S. Let r; be a request in R that is represented by
a tuple (uej, S, Wy, pj), where ue; is the UE that generates
request 75, S; is its required service, W; is the number of
instructions of request r;, and p; is the amount of data of ;.
Assume that C,,,;+ and By, are the amounts of computing
and bandwidth resources needed in base stations to process
a unit amount of data of each request, respectively. The
computing and bandwidth resources demanded by request r;
thus are Cypnit - pj and Buni - pj, respectively. To implement
request 7; demanding service S, r; can be offloaded to a base
station with a cached service instance of ;.

C. Delay Models

The delays incurred by implementing a request in a cached
service instance and an original service instance of .S; can
be significantly different. We assume that if a user request
offloaded to the cached instance cannot be completed, it will
be served by the original instance in the remote data center.
The delays of implementing a request usually are due to the
transmission of its data to the service and processing the
transferred data, which are referred to as processing delay and
transmission delay, respectively.

The processing delay 6;; of processing the data of
request r; in base station bs; is

i j = Pj " Mis (1)
where 7); is a given constant representing how long base station
bs; processes a unit amount of data.

To make sure that the amount of data p; of each request r;
is processed by its demanded service S;, its data needs to be
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sent from its registered base station to the base station that has
an instance of \S;. Following studies in [25], [51], the delay ; ;
of transmitting the data of r; from its registered base station
to a base station bs; can be formulated as

)

where o; is a given constant, representing how long a link
transmits a unit amount of data of r;, and h; ; is the number of
hops from the registered base station of 7; to base station bs;.

Each ue; has a different Quality of Service (QoS) in terms
of delay requirements, denote by d;? the delay requirement of
request ;. Notice that we assume that each ue; issues a single
request, this assumption can be easily extended to multiple
requests, by treating each request from a different virtual user.
Let y;; be a binary decision variable that determines whether
request r; is offloaded to a base station bs; with a cached
instance of S;, then the delay requirement of each r; is, i.e.,

Yji - (0ij +vi5) < dj°7 (3)

Yij = Pj 05 My

D. Energy Consumption of 5G Base Stations

Base stations of a 5G-enabled MEC consume energy on
both data transmission and data processing. Specifically, each
user request accesses the MEC network by sending its data
to its registered base station. The data of the request may
be processed in its registered base station or offloaded to
a different base station for processing. As such, energy is
consumed to transmit the data of the request. In addition,
a significant amount of energy can be consumed by computing
resources of base stations for processing the data of requests.
We thus define the following two types of energy consumption
of base stations.

1) Data Transmission Energy: The amount of energy con-
sumed by base station bs; in transferring the data of request
r; is proportional to the amount of data that needs to be
transferred. Let cﬁ ; be the amount of energy consumed due to
transmitting a unit data from base station bs; to base station
bs; if both base stations are in a coalition. Then, the amount
of energy consumed e‘; ; by bs; on the data transfer between
bs; and bs; is

t

Cij =

“)

2) Data Processing Energy: Following existing studies [28],
[29], the energy consumption of a base station bs; for data
processing is proportional to the rate of accessing its process-
ing unit and peak power. Let eﬁ ; be the amount of energy
consumed on implementing request r; in base station bs;,
which consists of the energy consumption of its processing
unit, idle power, and leakage power, i.e.,

ef,j _ 51',]’ . ((gz . Wj/éﬁ_’j)Pgnax + Piidle + Pileak)’ (5)

t )
Ci g Pj-

where &; is a given parameter that is used to calculate the
access rate of processing units as shown in the power model
in [28], d;; is the delay of processing request r; in base
station bs;, P/"** is the peak power of all processing units
of bs;, PZ-“”e is the idle power, and Pileak is the leakage

power generated by leakage current of the computing units

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 70, NO. 2, FEBRUARY 2022

of bs;. Note that such parameters can be obtained following
the configurations of the computing units of base stations [28].

E. Cooperative Game and Transferable Utility

A group of base stations with common interest is considered
as a coalition. The base stations in the same coalition share
their resources, jointly cache services, and implement user
requests, such that the total payoff is maximized. Analogically,
in a cooperative game, players can form coalitions and make
binding agreements on how to allocate overall payoff to the
members in each coalition. We thus consider each base station
as a player in a cooperative game, and all base stations interact
with each other to form stable coalitions.

Considering that the resources in a 5G-enabled MEC are
offered to users on a pay-as-you-go basis [26]. Users pay for
the implementation of their requests. Let p; be the payment
that ue; pays for offloading its request r; to a base station with
a cached service instance for processing. We assume that the
payment due to service caching and request offloading is for
the coalition instead of individual base stations. The payment
thus is ‘transferable’ among the members in the coalition,
where the ‘transferable utility’ is a widely adopted concept in
cooperative game theory [40]. Let C,, be the mth coalition that
is formed by the base stations in BS. Denote by u,, the payoff
obtained due to serving a set of requests by the cached service
instances in base stations of coalition C,,. Let S,,, be the set
of services that are cached into the base stations in coalition
Cpn. Let {R},,, be a set of requests that are implemented by
the cached instances of services in S,,,. Denote by u(C,,) the
payoff obtained by coalition C,,, which can be calculated by

[Coa|

u(Cm) = Zr E{R}m Zi:l
;E{R}

We adopt the core concept to capture the equilibrium status
of a cooperative game. The core of a cooperative game with
transferable utility is the set of feasible allocations that cannot
be blocked by any coalition of players. This implies that core
allocations are stable in the sense that, once a core allocation
is achieved, no subset of players can gain by deviating from
the core [3].

Yji " Dj- (6)

F. Problem Definition

Given a 5G-enabled MEC G consisting of remote data
centers and base stations with limited resources in an MEC
network, there are a set of services S = {5, | 1 <[ < L}
to be cached from remote data centers to base stations, and
a set of requests in R to be assigned to the cached service
instances in G. The collaborative service caching and request
offloading problem is to find the optimal number of base sta-
tions to form a collection C of coalitions, where each coalition
works collaboratively for caching services in & and offloads
user requests in R to the base stations with cached service
instances, such that the total payoff of all formed coalitions
in C is maximized, subject to the delay requirement of each
request, the computing and bandwidth resource capacities on
each base station.
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IV. A DISTRIBUTED OPTIMIZATION FRAMEWORK

In this section we first devise an optimization framework
for the collaborative service caching and request offloading
problem. We then show that the proposed game is stable and
converges to the core of the cooperative game.

A. The Distributed Optimization Framework
With Uncertain Payoff

Each base station decides in which coalitions to join, and
demands a payoff for its contribution. A number of service
instances of each service .S; are cached in some if not all base
stations of the coalition. All the rest base stations of the coali-
tion forward their requests to the base stations with cached
service instances for processing. In other words, in each
coalition, the base stations with cached service instances
consume their computing resources to process the forwarded
requests from the other base stations in the coalition. Such
resource consumption of the base stations can be considered
as a ‘contribution’ to the coalition. On the other hand, the
base stations without cached instances ‘contribute’ requests to
the coalition. These two types of contributions of base stations
need to be rewarded; otherwise, the coalition will not be stable.
Namely, each base station in the coalition demands a payoff for
its contribution, which is referred to as the expected payoff.
The base station is willing to stay in a coalition only if its
expected payoff can be met by the coalition.

An important challenge of the coalition formation and
payoff allocation is that each base station has uncertain
information of the payoff functions of other base stations
owned by other network service providers. The decision of
each base station may affect the current coalition structure,
thereby impacting its payoff. However, without the coalition
structure, the payoff of each base station in the coalition cannot
be obtained, because the payoff of a base station depends
on both its contribution and the number of base stations in
the coalition. Instead, to attract base stations to join in, each
coalition publishes its promised payoffs for base stations if
they choose to join in.

The basic idea behind the proposed distributed mechanism
is to allow each base station to make its decision based
on its expected payoff and the promised payoffs of coali-
tions. Recall that we aim to enable near optimal decisions
based on incomplete and uncertain information. In addition,
an efficient distributed solution usually takes the minimum
set of information on payoff to make decisions, such that
the number of interactions (messages for coordination) among
base stations is minimized. This however may reduce the
quality of the obtained solution compared with the mechanism
with complete information. To leverage a careful trade-off
of efficiency and optimality of distributed solutions, we aim
to find a minimum set of information to make decisions.
We observe that the expected payoff and the promised payoffs
of coalitions constitute a set of information can be obtained
in many scenarios. We thus define this as the minimum
set of information that each base station can obtain from a
collaborative service caching environment. For example, when
the promised payoff of the coalition can meet the expected

1063

Coalition formation Payoff allocation

— N\

[ N
' Which coalition () ‘((0))
(~ should 1join?)/ _ 840 /4%\ P RS AB Eg
Ny S ol Ao . D
() coalition 2 (. violation. ) -
° Network service provider 2 M~ coalition 2.
(g — Network service provider 2
Incomplete —_—
information (co) (co3)
(<o) /é%\ (<o)
510 %\ A A
$8 " $9 coalition 1
coalition 1 Network service

coalition 3
Network service provider 3

coalition 3
Network service provider 3

Network service
provider 3

provider 3

$» -Expected payoff $7 -Promised payoff <@ -payoff assigned

Fig. 3.
information.

A two-stage optimization framework based on incomplete

payoff of the base station, the base station can choose to join
one of the coalitions. Likewise, each coalition may not know
which base stations will join in and what are the expected
payoffs of base stations, until the base stations make their
joining in decisions. Due to unknown information of payoff
functions, a smart method is to make sure that each coalition
does not violate the expected payoffs of its base stations.

We adopt a two-stage optimization framework, as shown in
Fig. 3. The first stage allows the base stations to form coali-
tions based on the payoff expectations and payoff promises
of coalitions. The second stage deals with a near-optimal
service caching, request association, and payoff allocation,
such that the payoff expectations are met by the formed
coalitions. The first and second stages are referred to as
the coalition formation procedure and the payoff allocation
procedure, respectively. The proposed optimization framework
is shown in Algorithm 1, which is referred to as Framework.

Algorithm 1 Framework

Input: A set of coalitions with each coalition C), having a
number of base stations in it.

Output: A caching decision for service, and payoff alloca-
tions.

1: Initially, multiple coalitions are formed, and each coalition
contains a single base station;

2: Invoke algorithm PayoffAlloc to allocate the payoffs

of the formed coalitions;

: for each time slot ¢ do

/*Stage 1: Coalition Formation*/

Invoke algorithm CoalSelect for each coalition C),;

/*Stage 2: Payoff Allocation*/

Each base station claims its expected payoff in its

selected coalition;

8: Invoke algorithm PayoffAlloc to allocate payoffs for
time slot ¢ + 1;

A A

B. Distributed Coalition Formation Procedure With
Incomplete Information

We consider ‘myopic players’, where each base station as
a player seeks to maximize its payoff for the next period,
conditional on the feasibility of the solution. Note that such
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players also have adaptive expectations. Given any coalition
structure, each of such myopic base stations faces three
options: (1) it can stay in its current coalition; (2) it can join in
one of the other coalitions if the selected coalition can meet its
expectation on payoff; and (3) it can form a singleton coalition
by itself. As a myopic player, each base station chooses the
coalition that promises the maximum expected payoff. If there
are multiple such coalitions, the base station chooses one
randomly.

Denote by u; the payoff received by base station bs;. The
final payoff received by bs; in C' is determined by the payoff
allocation strategy of coalition C'. We assume that each bs;
claims its expected payoff before joining in any coalition.
Clearly, the expected payoff of bs, may depend on its con-
tributions to the coalition (either request offloading or service
caching). For example, if bs, has a cached service instance
of r;, it expected payoff is related to its energy consumption
due to processing; otherwise, it needs to forward the request
to other base stations, meaning that its expected payoff is
proportional to its energy consumption due to transmission.
Let uff?d’p be the expected payoff if base station bs; has a
cached service instance of r;; otherwise, denote by uZTd’f
the expected pay off if bs; forwards r; to other base stations
in its coalition. Therefore, considering its role in the coalition,
base station bs; calculates its expected payoff by

= ﬁ’i 'e;zja (7)

if there is one cached instance of service S; and processes the
data of request r; in the coalition; otherwise,

dmd,p
Wi,j

Z’Jﬂdﬁf —q; el ®)

u 0.5

where «; (a; > 0) captures bs;’s valuation on its contribution
of offloading a request to the coalition, and 3; (3; > 0) is a
valuation on its contribution of caching a service instance for
;. Such valuations of each base station are set in advance.

In a 5G-enabled MEC, due to user mobility, mobile users
change their locations quite often over time. Thus, base sta-
tions have to make their decisions without foreseeing the future
system dynamics. Each base station follows the best-reply
rule by selecting the coalition with the maximum promised
payoff. However, the promised payoff is not the received
payoff, since the received payoff of each base station in a
coalition can only be determined after all base stations having
joined in the coalition. Hence, a coalition may not be able to
meet the expected payoff of its base stations, if the coalition
admits an unexpected number of base stations with high total
expected payoff. As such, a base station may choose to deviate
from its current coalition if its current coalition cannot meet
its expected payoff ud™?. Therefore, the coalition structure
evolves over time, too. The coalition formation procedure is
described in Algorithm 2.

C. Near-Optimal Payoff Allocation Procedure

After each base station decides in which coalition it will
join, we need to decide the payoff allocation in each coalition.
To this end, we need to select a number of base stations in
each coalition under the current coalition structure to cache
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Algorithm 2 CoalSelect

Input: A set of coalitions with each coalition C), having a
number of base stations.

Qutput: The selected coalition of each base station.

1: Each coalition publishes its promised payoff if base stations
join in the coalition;

2: Each base station bs; publishes its expected payoff of
joining a coalition;

3: for each base station bs; do

4: if bs; is not in any coalition then

5: bs; joins the coalition with the maximum promised
payoff, following the best-reply rule;

6: else

7: Let C,, be the current coalition of bs;;

8: if C,, cannot meet its expected payoff || the delay
requirement of its requests cannot be met || its com-
puting and bandwidth resource capacities are violated

then
9: Randomly choose another coalition C,,;
10: else

Stay in its current coalition;

services. The contribution of each base station in the coalition
thus can be determined, and its payoff then can be allocated
accordingly. The coalition structure dynamically changes until
it eventually converges to such a state that no base stations
deviate from their current coalitions. The payoff allocation
plays a vital role in guaranteeing the existence of a core
allocation. The reason is that a player will leave a coalition if
its expected payoff is not satisfied.

We adopt a randomized rounding method to cache service
instances and assign each request of each coalition to the
cached service instances jointly. In the following we formulate
the payoff allocation problem in each coalition C,, as an ILP
solution. Let R; be the requests that access the mobile edge
cloud via base station bs;. Recall that {R},, is the set of
requests of the base stations in coalition C,,. Clearly {R},, =
Ups;ec,, Ri. Let z;; be a binary variable that indicates whether
service S; of network service provider sp; is cached in base
station bs;. Denote by y;; an indicator variable that shows
whether request 7; is assigned to a cached instance of .S; in
base station bs;. The problem then can be formulated as an
ILP as follows.

Cm
Maximize lel | erE{R}m, Yji * Djs )
|C'm‘
subject to Y i =1, VS, €S (10)
i=1
Yji < xy, vTj S {R}m (11
{R}ml
> yiiopjc Cunie < Clbsi)  (12)
7j=1
{R}ml
(13)

Z Yji - pj - Bunit < B(bs;)
j=1
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|Com| |Com

>y Y

=1 r;eR; /=1
{R}m [Cm]

) dmd, f
Yyir - Uy ;

DD e ul M <w(Cr), (14
j=1 i=1
+ yji - (8i +ig) < dj° (15)
x5, Y5 € {0,1}, (16)

where Constraint (10) says that each service S; has to be
cached into a base station. Constraint (11) ensures that each
request 7; can only be offloaded to a base station with an
instance of its service ;. Constraints (12) and (13) ensure
that the computing and bandwidth resource capacities of each
bs; are not violated. Constraint (14) says that the expected
payoff of each base station has to be met to make sure it
stays in the current coalition Cy,. Constraint (15) guarantees
the delay requirement of each offloaded request has to be met.
Constraint (16) ensures that x;; and y;; are binary indicator
variables.
We relax Constraint (16) into

0 <ay,y;; <1 (17)

Then, the ILP is relaxed into an LP with the objective
shown in (9), subject to Constraints (10), (11), (12), (13), (14),
(15), and (17).

The optimal fractional solution to the LP can be obtained
in polynomial time [2]. It however may not be a feasible
solution to the original problem due to the fraction values of
2y; and y;;. To make the solution feasible, we need to round
the fractional solution to an integer solution, by utilizing a
randomized rounding technique. For service S;, we use X; to
denote an event that S; is cached into base station bs;.

A natural rounding method is to treat each fractional value
of x;; as a probability, and randomly rounds the variable with
the probability. However, this means that multiple services
can be assigned to a base station randomly, according to the
corresponding probability. This may cause significant resource
violation of each base station with high probability, if many
services with non-negative values of x;; are assigned to bs;.
To reduce the probabilities of violating the capacities of base
stations, we assign S; to bs; with probability %xm. Similarly,
for each request ; € {R},,, we use Yj; to denote an event that
request ; is offloaded to an instance of its service S; in bs; for
processing. The detailed algorithm is given in Algorithm 3,
which is referred to as PayoffAlloc.

D. Algorithm Analysis

The rest is to analyze the performance of the proposed
algorithm in the proposed optimization framework.

Lemma 1: Assuming that C'(bs;) > % the
obtained solution by Algorithm 3 is a feasible solutlon with
the computing capacity C/(bs;) of each base station being
violated with a probability of ﬁ, where v is defined as

the ratio of the data volume p; of r; to the minimum data

. _ pJ . .
volume, i.e., v = T —— and C,,;; is the amount of
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Algorithm 3 PayoffAlloc

Input: G = (BS UDC, E), a coalition Cy, having a set of
base stations.

Output: A caching decision for a service, and payoff alloca-
tions.

1: Relax Constraint (16) of ILP into Constraint (17) and
obtain an LP;

2: Obtain fractional solutions = and y by solving the LP;

3: for each service S; do
Choose a base station bs; for .S; by setting X;; = 1
with probability éxli, no base station is chosen with
probability 1 — xll,

: for each request ; € {R},, do

Assign 7; to base station bs; with probability %yﬁ;

- if all X;; and Y}; define a feasible solution then

return X;; and Yj;;

: else

10: return infeasible;

computing resource of base stations used to process a unit
amount of data of each request.

Proof: Clearly, each request r; will be implemented in
a single base station. In the following we show that the
computing capacity of each base station is violated with a
small probability. Recall that in Algorithm 3, service S;
is cached into base station bs; with probability %x”. This
indicates that X;; = 1 with a probability %x”; otherwise,
X;; = 0 with probability 1 — 1a;;.

Notice that a request can only be assigned to a base station
with a cached instance of its requested service, we then
calculate the probability Pr[Y}; = 1] following the conditional
probability, i.e.,

PrYy | Xu = 1] = (2 - yji) /4 (18)

Let Y; be the event that the data volume of requests that
are as51gned to base station bs; for processing. Clearly, Y; =
ZHR}’"‘ Yji, where {R},, is the set of requests that are
1mplemented by the cached instances of services in coalition
Cyn. Tts expectation E(Y;) is

{R}ml
E(Y;)=> L P B

j=

19)

We bound the expectation of event Y;. Assume that a request
rj is offloaded to base station bs;. Since all events are
independent, given another base station bs; € C,,, we then
have

HR}ml

Z pj - E(Yji)

\{R}m\

= > p

j=1

< (10,
4Cunit

where the derivation from Eq. (20) to Ineq. (21) is because the

facts that each base station bs; can maximally implement an

E(Y; | Yy =1)

(x-yji) /4 (20)

21
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amount C(L of data and v > 1. Calculating the probability

it
that the capamty of each base station is violated is to calculate

P?“[Y; Z C(bsz) | Y}/y = ].] (22)
By a Chernoff bound [37] with = FE(Y;), we have
Pr{Y; = C(bss) | Yo = 1]

= PrlY; > (1+0)E(Y;) | Yy = 1]

= Pr[Y; > 2E(Y;) | Y1 = 1], assuming ¢ = 1,

< exp( — (E(Y7))/3)

< exp( —(v-C(bs;))/(12- Cunit))

< exp(— (12In|BS|)/6) = 1/|BS|*. (23)

Lemma 2: Assuming that B(bs;) > % the

obtained solution by Algorithm 3 is a feasible solutlon with
the bandwidth capacity B(bs;) of each base station being vio-
lated with a probability of @, where v = m
The proof is similar to Lemma 1, omitted.

Lemma 3: Assuming that praz - (Dmaz + Omaz - Rj,i) > 24-
In |BS|, the delay requirement of each request is violated with
a small probability of 1BST? S|2 , Where 7 = maxps,ec,, {7}
Omazx = masz,GCm{Uz}

Proof: Recall that Y;; represents the event that request 7
is offloaded to its service .S; that is cached to base station bs;
for processing. Its probability can be calculated by Eq. (18).
Its delay expectation can be calculated by

1 1
E(Yj:) = T8 Y S (24)
Denote by ();; the delay experienced by request r; in bs;.

Its expectation thus is

ElQj] = pj - (ni+0i-hj;) E(Yj)
< pj : (nmam + Omaz * h],z)
- 4
Pmaz * (nmam + Omaz * h],z)
1 .
By a Chernoff bound [37] with 4 = E(Y};) and § =
1, we can calculate the probability of violating the delay
requirement d;“? of request r; by

PriQji > dj™] = Pr(Qji > 2E(Q;:)]

< (25)

< exp(— L(?ﬂ))
< ea:p( _ Pmazx (77771,(1:81—2’— Omax * h]z))
- ( ~ 24In |BS|)
= P 12
1
[ |

Lemma 4: If (1+|BS|)|R|-Pmaz > 241n|BS|, the expected
payoff of each base station is violated with a probability of
@, where p,,q. is defined as the maximum payment that
is paid by requests, i.e., pjaz = Max,;cr{p;}.

Proof: The expected payoff of each base station is
proportional to the energy it consumed due to receiving data
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from UE of r; or processing the data of r; by caching an
instance of .S;. Each implemented request has a payment p;.
Thus, showing whether the expected payoff of each base
station can be met is to show that the energy cost incurred
by each base station in coalition C), does not exceed the total
payment it receives.

Recall that X;; is the event that service S; is cached into
base station bs;, and Yj; is the event that request 7; is offloaded
to bs;. We can calculate the expected payment E[P,,] received
by coalition C,, by

CTIL {R}"”

=2 D Yirp

i=1 j=1
Cm {R}m

= Z Z lez Yji -

i=1 j=1

< (|R|* Pmaz)/4.  (27)

For each base station bs;, the set of requests that access
the 5G-enabled MEC via it is R(bs;). The expected payoff of
base station bs; due to receiving data of requests via bs; thus

is
1 t
Z lei “Yji Gt €4 4
T‘jER(bG{,)
{Rhm

< Z
{R}m
< Zj:l 1t

assuming that the payment p; of request r; can always cover
the energy cost of data transmission via a base station, i.e.,
Dj > oy 62]%

Similarly, the expected payoff of bs; for caching service
instances can be calculated by

1

Zsles 2
1

= Zslesm PR

t
Yji i C

“Yji * Dj, (28)

a0y - B - 6

i Pj
S| -
< H#, (29)
assuming that the payment p; of request r; can always

cover the energy cost of data processing of a base station,
i.e., Pj > 61 '6£7j.
The total expected payoff of all base stations in C,, is

E[TD,,| = st o Elul] + E[u?]

+st cCp

< (1+BS)) - E[Pm].

(30)

By a Chernoff bound [37] with p = 37, Eluf]+ Efuf]
and 0 = 1, we have

Pr[TDy, > Py] = Pr(T' Dy, > 2E(T D))
E(TD,,)
< eap( - =)
< cap - LLEIBS): 1P)
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L+ |BS))|R| - pmaz
exp(_( + | |1); |-p )
exp(— (241n|BS|)/12) = 1/|BS|*.

(3D

|

Theorem 1: Given a 5G-enabled MEC network G = (BSU
DC, E) with a set BS of 5G base stations and a set DC of data
centers, and a set of R requests to be assigned to the cached
instances in G, the proposed optimization framework, i.e.,
Algorithm Framework, for the collaborative service caching
and request offloading problem dynamically forms coalitions
and converges to a stable coalition structure with a probability
of (1 — ﬁ)ms'. Also, Algorithm Framework delivers
a solution for the collaborative service caching and request
offloading problem that violates the bandwidth and computing
resource capacities with a very low probability of @, and
its running time in each time slot ¢ is O(|R||BS|+S|BS|)“ L),
where w ~ 2.37 is the exponent of matrix multiplication.

Proof: In the coalition formation process, each base
station seeks to deviate from its current coalition as long
as its expected payoff cannot be met. Following Lemma 4,
each base station has a maximum probability of @ to
change its coalition. However, this probability is very small,
and most base stations choose to stay in their coalition. There-
fore, we conclude that the proposed optimization framework
converges to a stable coalition structure with a minimum
probability of (1 — r&r)P51.

So far, we assumed that each base station is payoff-sensitive,
that is, it will deviate from its current coalition when its
expected payoff is not satisfied. The proposed optimization
framework can also deal with base stations with delay-
sensitive requests. For example, if a base station has a great
portion of delay-sensitive requests, it may choose the other
coalitions if the current one cannot meet the delays of its
requests. However, as shown by Lemma 3, the probability
of by doing so is low. Therefore, no matter which base
stations are delay- or payoff-sensitive, the proposed optimiza-
tion framework converges to a stable coalition with a high
probability.

The solution feasibility of the proposed algorithm
Framework is shown in Lemmas 2 and 3.

We then analyze the running time of algorithm Framework
in each time slot ¢. The most time consuming part of the
algorithm lies in solving the LP. Using Lee and Song’s
algorithm [32], this procedure can take O(n“L) where n =
|R||BS| + S|BS| is the number of variables, w ~ 2.37 is the
exponent of matrix multiplication, and L is the input bits. The
time complexity of the algorithm in each time slot ¢ thus is
O(|R||BS| + S|BS|)“L). [ |

V. SIMULATIONS

IA

IA

In this section we evaluate the performance of the proposed
optimization framework against existing studies by extensive
simulations.

A. Parameter Settings

We consider a 5G-enabled MEC network with
5 to 10 remote data centers and 100 base stations. Specifically,
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following existing studies [13], we adopt the Poisson point
process [7] for the deployment of base stations. The network
that is used to interconnect the base stations in the 5G-enabled
MEC is generated using GT-ITM [17], with each pair of base
stations having a probability of 0.1 of being connected. Each
base station has a computing capacity in the range 8,000 to
16,000 M Hz [47]. The bandwidth capacity of each base
station varies between 100 Mbps and 1,000 Mbps [47]. The
energy consumed due to transmitting a unit amount of data to
base station is set within [0.14, 0.32] Watt [8]. The maximum
GPU power of each base station is randomly withdrawn from
[0.5, 0.9] Watt and the idle GPU power is e~> Watt [8]. The
amounts of data p; that need to be processed by each request
is set within [10, 50] Mega Bytes (MB) [8]. The traffic of
each base station is mainly due to the transmission of data
from the requests that are registered to it. Considering that
each user send its request to the closest base station, each
request has a location that is randomly generated within the
area of the network. The time 7, each base station bs; takes
on processing unit amount (one MB) of data is varied from
ranges [0.1, 0.5] milliseconds, and the time o; a link takes
on transmitting a unit amount (one MB) of data of r; along
a link are varied from range [0.01, 0.05] milliseconds [42].
The delay requirement of each user of base station is a
random value between 10 and 50 milliseconds [18]. The
payment that each UE pays for offloading its request to a
base station for processing is set within [$50, $100], which
depends on the amount of data of each UE request. Unless
otherwise specified, we will adopt these default settings in
our experiments. Each value in the figures is the mean of the
results by applying each mentioned algorithm on 80 different
topologies of the 5G-enabled MEC with the same network
size.

We evaluate the proposed algorithm Framework with
the following benchmarks: (1) a non-cooperative mechanism
NonCoop: each base station caches a set of services serving
the maximum number of requests; (2) a greedy approach
Greedy: each base station greedily selects a service and its
requests that can maximize its own payoff; (3) a dynamic
service caching algorithm DSC in [44]: the algorithm assigns
each request a priority according to the number of base stations
in its transmission range, and DSC schedules the request with
the highest priority first.

B. Performance Evaluation

We first evaluate the performance of algorithms
Framework, NonCoop, DSC, and Greedy in terms
of the total payoff of base stations, total amount of energy
consumed by base stations, energy-to-payoff ratio, average
delay of a request, and number of payoff violations in
a period of 100 time slots. There are 100 base stations,
50 requests, 50 services. From Fig. 4 (a), we can see that
algorithm Framework has at least 36%, 28%, and 26%
higher payoffs than algorithms Greedy, DSC, and NonCoop,
respectively. In addition, as depicted in Fig. 4 (b), the total
energy obtained by algorithm Framework decreases as the
time slot increases, but those of algorithms Greedy, DSC,
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Fig. 5.

and NonCoop do not change much. This is due to the fact
that algorithm Framework adopts a collaborative service
caching and request offloading, by allowing base stations in
each coalition to share the workload of requests. This saves
more computing resource to cache more service instances.
From Fig. 4 (c), we can see that the solution delivered
by algorithm Framework has the lowest energy-to-payoff
ratio. Framework thus is the most cost-efficient algorithm
with the least energy consumption. As shown in Fig. 4 (d),
the solution of Framework has the lowest delay of each
admitted request, because it carefully deals with delay
requirements of requests in the coalition selection procedure.
Also, from Fig. 4 (e), we can see that the payoff violation in
each coalition gradually decreases and then tends to converge.
This verifies that the proposed algorithm is stable that each
base station finally chooses to stay in its current coalition.

C. Impact of Different Parameters

We then study the impact of the number of base stations
on the performance of algorithms Framework, NonCoop,
DSC, and Greedy, by varying the number of base stations
from 10 to 200 while the number of services are set at 50 and
the number of requests are set at 100. From Fig. 5, we can see
that algorithm Framework consistently delivers the highest
payoft, lowest energy-to-payoff ratios and average delays com-
pared with NonCoop, DSC, and Greedy. We can also see that
with the growth of the number of base stations, the total payoff
of algorithm Framework keeps increasing. This is because
each base station has more choices of coalition to obtain a
higher payoff. As depicted in Figures 5 (b) and (c), the total
energy consumption for implementing user requests increases
with the growth of the number of base stations. However, the
energy-to-payoff ratios remain basically unchanged with the
growth of the number of base stations. The rationale behind
is that the algorithms can always choose better cost-efficient

Number of base stations

(c) Energy-to-payoff ratio.

Number of base stations Number of base stations

(d) Average delay. (e) The number of violations.

The impact of the number of base stations on the performance of algorithms Framework, NonCoop, DSC, and Greedy.

base stations to cache services. As shown in Fig. 5 (d),
the average delay decreases first, and then increases with
the growth of the number of base stations. The reason is
that at the very beginning, a small number of base stations
with limited resources are usually insufficient to cache most
services and process a large number of requests, resulting in a
high average latency of requests. However, when the number
of base stations is very large, each base station randomly
selects a coalition in the coalition selection procedure, and
a higher number of base stations means that base stations
with higher delays can be selected with a higher probability.
Similarly, the increasing of the number of base stations also
increases the possibility of payoff violations, which can be
seen in Fig. 5 (e).

We now investigate the impact of the number |R| of requests
on the system performance of algorithms Framework,
NonCoop, Greedy, and DSC, by varying |R| from 5
to 200 while fixing the number of services at 50. From
Fig. 6 (a) and (b), it can be seen that the total payoff and
energy consumption increase with the growth of |R|. The
reason is that the accumulative payment of admitted requests
is increasing with the increase on the number of offloaded
requests, and the total payoff of all base stations keeps
increases accordingly. Also, due the same reason, similar
trends can be found on the total energy consumed by all
base stations in request processing and transmitting. Further-
more, as illustrated in Fig. 6 (c), the energy-to-payoff ratio
obtained by algorithm Framework is still the lowest among
the four algorithms. From Fig. 6 (d), we can see that the
average delay experienced by each request is increasing with
the growth of |R|. The rationale behind is that each base
station becomes saturated and the requests of its registered
UEs have a higher probability of being forwarded to other
base stations in the coalition. As expected, we can see from
Fig. 6 (e) that the number of payoff violations increases as
|R| grows.
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We finally evaluate the impact of the number | S| of services
on the performance of algorithms Framework, NonCoop,
Greedy, and DSC, by varying |S| from 5 to 150 while fixing
the number of requests at 100. The results are shown in Fig. 7,
from which we can see that the total payoff of all base stations
is increasing as the number of services increases. The reason is
that with more services being allowed to cache, the possibility
of coalition formation increases. A higher possibility of coali-
tion usually improves the resource utilization of base stations,
so that more requests can be admitted, thereby increasing the
total payoff and total energy of all base stations. The above
reason can also be evidenced in Fig. 7 (a) and Fig. 7 (b).
Also, the formed coalitions greatly reduce the high processing
and transmission delay of requests, as shown in Fig. 7 (d).
From Fig. 7 (e), it can be seen that the payoff violations are
gradually decreasing and tending to stabilize, which indicate
that the stable coalitions are gradually formed with the growth
of |S].

VI. CONCLUSION

In this paper, we studied the collaborative service caching
and request offloading problem in a 5G-enabled MEC, such
that the total payoff of all base stations is maximized through
optimizing the energy consumption of base stations. We first
proposed a two-stage optimization framework that consists of a
novel distributed coalition formation procedure with uncertain
payoffs of the network service providers, and a near-optimal
payoff allocation method. Specifically, in the first stage of
the framework, we devised a distributed coalition formation
algorithm by adopting a best-reply rule, assuming that each
base station makes its decisions based on its payoff expectation
and the payoff promise of coalitions. In the second stage of
the framework, we proposed an exact solution for the problem
by formulating the coalition as an ILP, and a randomized algo-
rithm with a provable approximation ratio then is derived from
the ILP formulation through linear relaxation. We finally eval-
uated the performance of the proposed optimization framework
by simulations. Simulation results show that the performance

of the proposed algorithms outperform their counterparts by
achieving at least 30% higher payoffs and 20% lower energy
consumption of base stations.
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