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Abstract
The explosive development of mobile data service makes our lives convenient and efficient.
However, with the increasing demands of wireless data transmission, it is difficult to fulfill real-time
requirements of mobile users in the traditional cellular architecture. In future wireless communication, the network is expected to be heterogeneous. On one hand, the large amount and different sizes
of small cells are expected to be overlaid within the wireless network. On the other hand, wireless
networks will be coordinated with other networks for expansion of available resources. Nevertheless, due to the distributive behaviors of multiple individuals in the heterogeneous network (HetNet),
it is challenging to adopt resource allocations to achieve stable and high quality of service (QoS) for
all mobile users.
In this dissertation, we overview the development of wireless networks and summarize the
wireless service into a 4-layer service architecture, consisting of the service layer, resource layer,
infrastructure layer and user layer. Considering the heterogeneous architecture of future wireless
network, a hierarchical game framework is proposed to determine distributive strategies for high
performance and equilibrium solutions. We first analyze the distributive behaviors during the cooperation of multiple infrastructure providers, and propose a zero-determinant strategy for the administrator of the cooperation to maintain a high social welfare. Then, we analyze the distributive
behaviors of multiple resource providers as well as infrastructure providers, with the applications
of LTE unlicensed (LTE-U) and visible light communication (VLC). In LTE-U, multi-leader multifollower Stackelberg game is employed among operators and users for resource management of licensed spectrum and unlicensed spectrum. In VLC, we combine VLC with Device-to-Device (D2D)
communication and employ the Stackelberg game with a graphical game to analyze the equilibrium
behaviors of all individuals. Finally, we consider the general heterogeneous network with the application of fog computing. With network virtualization, a hierarchical game framework combining
the Stackelberg game and matching game are applied, where each mobile user is allocated with the
optimal amount of computing resources from the selected fog node or cloud server.
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Chapter 1

Introduction
Ever since the digital revolution, the past half century has witnessed the information explosion
in every perspective of the world. Nowadays, with the increasing popularity of smart mobile devices,
a large variety of wireless data services and applications have effectively improved the efficiency
and convenience of business and our daily lives. According to Cisco [1], at the end of 2016, global
mobile data traffic has reached 7.2 EB (EB is equivalent to one billion GB) per month, which is 63
percent more compared with the global mobile data traffic of 4.4 EB at the end of 2016, and 18-fold
over the past 5 years, compared with the global mobile data traffic of 400 PB (PB is equivalent to one
million GB) per month at the end of 2011. Moreover, most emerging data services and applications,
such as augmented reality, vehicle-to-vehicle communication, and live video feed, not only require
large volume of transmitted data, but also the service delay and delay jitter, which plays significant
role on the quality of service (QoS) for mobile users [2].
In order to perform wireless data transmission from service providers to mobile users, the
traditional cellular network is able to provide the coverage for data services. As shown in Fig.
1.1(1), within a large communication cell, the base station processes and transmits data for mobiles
users and forwards the data to the core network via backhaul. However, due to the limited amount
of wireless resources, when there are mobile users requesting large volume of data transmission
within the same communication cell, the base station cannot allocate sufficient wireless resources
for all mobile users, and the QoS of mobile users at the cell edge is severely affected. Accordingly,
in order to meet the requirements for the increasing data transmission trends, in these years, many
solutions have been proposed for the communication network and can be generally summarized in
the following three directions.

1

˄1˅

˄2˅

˄3˅

˄4˅

Figure 1.1: Development of mobile network.

1.1 Development of Wireless Communication Network
1.1.1 The Multi-tier Architecture within the Cellular Network
In urban areas, considering the high density of mobile users in specific areas and poor indoor coverage with the traditional cellular network, it is significant and beneficial to add different
sizes of the communication cells, such as microcell, picocell, femtocell, on the traditional macrocell network and form a heterogeneous wireless service architecture. As shown in Fig. 1.1(2), in
the areas with high volume of data transmission, the implementation of small cells reduce the data
transmission distance between transmitters and receivers, resulting in high capacity for mobile users
and high spectrum reuse factors for service providers. Meanwhile, in other areas with limited nomadic users, the macrocells are required and sufficient to guarantee the data transmission coverage.
Accordingly, based on the distribution of data requirements, the heterogeneous network is able to
efficiently improve the QoS of all mobile users.

1.1.2 Service Cooperation with Other Networks
The heterogeneous architecture of communication network is able to significantly improve the
efficiency of wireless resources. However, when the total amount of wireless resource is limited but

2

the volume of data transmission requirements keeps increasing, the QoS for mobile users eventually
decreases. Therefore, it is fundamental to increase the total amount of feasible spectrum for wireless
communication. As currently the majority of radio spectrum is licensed to other users or networks,
while the application within the radio spectrum is spare sometimes, it is promising to explore the
cooperations with other users or networks and obtain a large amount of available radio spectrum for
data transmission, as shown in Fig. 1.1(3). Such cooperations have been widely applied in cellular
network and several following examples are shown as

• In 1998, the concept of cognitive radio was initially put forward by Joseph Mitola in a seminar
at KTH Royal Institute of Technology in Stockholm, and the article [3] was published with
Gerald Q. Maguire in the following year. In the cognitive radio network, the primary users
are allocated with a large amount of spectrum resources, while the secondary users, without
sufficient spectrum, try to reuse the licensed spectrum from primary users without causing
interference. Accordingly, the secondary users are required to quickly sense the radio environment and effectively capture the vacant channels from primary users [4]. In IEEE 802.22
standard, the white spaces in the television frequency spectrum are allowed to be accessed for
wireless regional area network with cognitive radio technology [5].
• With fast development in wireless local area network (WLAN), in 2008, the 802.11ac and
802.11ad standards have already been able to achieve the data rate of 6.9 Gbps and 6.7 Gbps,
respectively. Accordingly, it is beneficial for the wireless cellular network to offload its data
services to WLAN to achieve high performance. By 2009, AT&T Inc. has deployed over
20,000 Wi-Fi hotspots to assistant data transmission in the U.S., and nearly 27 million AT&T
customers receive access to the domestic Wi-Fi services. Moreover, as shown in Cisco, in
2016, 60% of total mobile data traffic has offloaded onto Wi-Fi or femtocell [1].
• By allowing cellular operators to offload data traffic to unlicensed spectrum, LTE in unlicensed spectrum (LTE-U) recently has attracted significant interest due to its potential to further improve the performance of the cellular networks [6–8]. Adopting carrier aggregation
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to combine unlicensed spectrum and the licensed band for downlink transmissions, Licensed
Assisted Access (LAA) is introduced in 3GPP release 13 as part of LTE Advanced Pro [9].
Currently, major telecommunication companies including Huawei [10], Qualcomm [11, 12]
and Nokia [13] are actively involved in the research of LTE-U.

1.1.3 Content-Centric Analysis for Resource Allocation
With the increasing popularity of smart mobile devices, the wireless services are experiencing a fundamental transition from the traditional connection-centric communications, such as phone
calls and emails, to the content-centric communication, such as various mobile applications and
video streaming [14]. Accordingly, the resource allocation protocol is no longer focused on the network links, but on the features and influences of content or data itself, as shown in Fig. 1.1(4). Due
to the content diversity [15] or content reuse [16], the same content may be requested by multiple
mobile users. Therefore, the multi-casting and caching are able to be adopted to improve the QoS
of mobile users.
Moreover, in cloud computing, the data storage and computation are normally applied by
massive data centers, which are located far away from mobile users, causing high transmission cost
and transmission delay. In order to fulfill the requirement of real-time applications, it is necessary to
pull the cloud closer to mobile users. In the Internet of Things (IoT), fog computing is put forward
by Cisco as a promising solution, where multiple low-power computing or storage devices, known
as the fog nodes, are allocated close to the users and can provide disaster resilient, fast response and
location-awareness services. Similarly, in wireless radio access network, the concept of mobile edge
computing is put forward by ETSI (European Telecommunications Standards Institute), where the
network edge are able to perform data computation and storage in an isolated environment, so as to
reduce network congestion and improve QoS. Therefore, considering the purpose of transmitted data
and the deployment of multiple fog nodes or small computing devices, the allocated resources for
both networking and computation are supposed to be considered simultaneously to further improve
the QoS.

4

1.2 Service Architecture
According to the development of mobile network, the structure is becoming increasingly
complicated. It is trending that the resource allocation in data transmission, computation and storage should be jointly considered, and various cooperations and competitions among multiple autonomous characters in the data services are included during the data services. In order to clearly
show the complex service architecture for further analysis, I summarize the key architecture in the
mobile data services and itemize them as

• Service Layer: In service layer, a large variety of mobile data applications are provided
by service operators. Based on different demands of the data services and applications, the
service authorization, billing, network routing, and mobility managements are considered and
adopted in the layer.
• Resource Layer: The resource layer includes all kinds of resources required for data computation, storage and transmission in mobile data services. Some resources may be offered and
charged by resource providers such as computation resources from personal mobile devices
in the neighborhood, while some may be public and free for data services such as unlicensed
spectrum for wireless communication.
• Infrastructure Layer: The infrastructure layer consists of various physical facilities which
are able to perform data computation, data storage or caching, and data transmission for provided mobile data services. The facilities not only contains massive data centers or macrocell
base stations which are established and maintained by professional corporations, but also includes enterprise data centers or personal mobile devices which is owned by small groups or
individuals.
• User Layer: The user layer contains all kinds of mobile users requesting various mobile data
services from service providers.

5
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Figure 1.2: Traditional service architecture.
In the traditional data service network, in order to provide mobile service to users, each service
provider is required to purchase and maintain its own facilities and resources. As shown in Fig. 1.2,
I observe that the facilities and resources for the mobile data services are combined with unique
service providers vertically in the architecture. Accordingly, in peak hours, there are many mobile
users subscribing the data services from one service provider, in order to meet the requirements of
all mobile users, the service provider is required to purchase large amount of facilities and resources.
However, most of the time, few data services are requested by mobile users, which brings big waste
and low efficiency for the usage of facilities and resources. Moreover, due to the high cost on the
purchasing and maintenance of facilities and resources, the mobile users may suffer high service
price from the service provider.
In order to improve the efficiency and capacity of mobile data services, corresponding to the
development of the wireless communication network, in each horizontal layer of the service architecture, multiple autonomous individuals appear which can be flexibly combined with individuals
from other layers to provide data service for the mobile users. As shown in Fig. 1.3, we name the
individuals in the service layer, resource layer and infrastructure layer as service providers, resource
providers and infrastructure providers, respectively. Based on various requirements of mobile users
at different time, the service providers are able to select different resource providers and infrastructure providers to improve the QoS and avoid the unnecessary maintenance cost. Nevertheless,
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Figure 1.3: Distributive service architecture.
as each service provider, resource provider, infrastructure provider or mobile user can make decisions autonomously, it remains challenging for the resource management, considering the conflicts
and competitions among service providers, resource providers, infrastructure providers and mobile
users.

1.3 Hierarchical Game
In order to analyze the distributive behaviors of each service provider, resource provider,
infrastructure provider and mobile user, game theory has been put forward and adopted as a powerful
tool. In game theory, player, action and utility are combined as three main components, with the
detailed illustration as
• Player: Players refer to the individuals which are able to make rational decisions autonomously.
During the interactions among multiple players, there exists the conflict of interest and each
player is required to make wise decisions considering the behaviors of other players.
• Action: Actions indicate the applied strategies of each player in the game. As the action of
one player affects the revenues and costs of other players, for each player in the game, it is
required to analyze the actions of other players before take actions for itself.
• Utility: Utilities are the revenues minus costs received by the players. The utility of one
7

player is not related with the action of itself, but affected by the actions of other players, due
to the conflict of interests. In the game, all players try to improve and optimize its own utility,
considering the actions of other players.

In future heterogeneous wireless network, due to the autonomous behaviors, all service providers,
resource providers, infrastructure providers and mobile users act as players in the game. For each
service provider, it is required to motivate resource providers and infrastructure providers and set
prices to achieve high performance and low cost service for mobile users. For each resource
provider, based on the motivation of service providers, it needs to predict the behaviors of infrastructure providers and mobile users and determine the optimal amount of wireless resources for
high revenues. For each infrastructure provider, considering the motivations of service providers
and offered amount of wireless resources, appropriate infrastructures should be applied for the mobile user to improve high utility. For each mobile user, observing the announced service prices of
service providers and the offered resources and infrastructures, it select the optimal service provider,
optimal amount of services, and optimal infrastructure, to achieve high QoS.
Based on the game formulation, there generally exist two types of games among service
providers, resource providers, infrastructure providers and mobile users. Due to the conflict of
interests and competitions, there exists static games among autonomous individuals in each horizontal layer of the service architecture. Considering the service procedures in the network, between
each two layers of the service architecture in the vertical direction, there exist sequential games.
Combining all static and sequential games during the data service, we propose a hierarchical game
framework.

1.3.1 Static Games within Each Layer of the Service Architecture
Within each layer of the service architecture, as each autonomous individual competes for the
motivation rewards from the upper layers and reduces the services costs for the lower layers. All
autonomous individuals are required to consider the optimal behaviors of other individuals and make
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decisions simultaneously. Accordingly, it is expected that in the end, no individual is able to adjust
its behavior unilaterally to achieve higher utility, which is regarded as Nash Equilibrium defined as
follows.
Definition 1.1. Let ((X, A), (g, f )) denote the static game with m players. X = X1 ×X2 ×, . . . , ×Xm
refers to the strategy profile of all players. u = (u1 (x), . . . , um (x)) is the utility profile of all players. Let xi be a strategy profile of player i, x−i be a strategy profile of other players except for
player i. A set of strategy profiles x∗ ∈ X is able to achieve the Nash equilibrium if ∀i, xi ∈ Xi ,
ui (x∗i , x∗−i ) ≥ ui (xi , x∗−i ).

(1.1)

1.3.2 Sequential Games between Each Two Layers of the Service Architecture
Considering the Nash Equilibrium solutions within each layer, all service providers, resource
providers, infrastructure providers and mobile users are required to make decisions sequentially. Due
to the sequential order, the service providers are able to predict the possible reactions of resource
providers, infrastructure providers and mobile users so as to take corresponding actions for high
utilities for themselves. Accordingly, there exists first-mover advantages in sequential games. When
analyzing the optimal and stable actions, backward induction is adopted where we first analyze the
optimal action of each mobile user, based on any behavior of all service providers, resource providers
and infrastructure providers. When we consider the actions of higher layers, we put the optimal
action of each mobile user as constraints to reduce unknown features and improve the performance.
Ultimately, all individuals in each layer is able to determine its optimal actions where following
the sequential order, no one is able to adjust its behavior for higher utility. We consider it as the
Stackelberg Equilibrium, which is defined as
Definition 1.2. Let ((X, A), (g, f )) be the general sequential game with m leaders and n followers.
X = X1 × X2 ×, . . . , ×Xm and A = A1 × A2 ×, . . . , ×An are the strategy profiles of all leaders
and all followers, respectively. g = (g1 (x), . . . , gm (x)) is the payoff function of leaders for x ∈ X,
and f = (f1 (α), . . . , fn (α)) is the payoff function of followers for α ∈ A. Let xi be a strategy
9

profile of leader i, x−i be a strategy profile of all leaders except for leader i, αj be a strategy profile
of follower j, and α−j be a strategy profile of all other followers except for leader j. A set of strategy
profiles x∗ ∈ X and α∗ ∈ A is the equilibrium of the multi-leader multi-follower game if ∀i, ∀j
xi ∈ Xi , αj ∈ Aj ,
gi (x∗i , x∗−i , α∗ ) ≥ gi (xi , x∗−i , α∗ ) ≥ gi (xi , x−i , α∗ ),
fj (x, α∗j , α∗−j ) ≥ fj (x, αj , α∗−j ).

1.4 Dissertation Contributions and Outlines
In this dissertation, corresponding to the development heterogeneous wireless network, we
propose a hierarchical game framework and analyze the optimal and equilibrium actions for each
service provider, resource provider, infrastructure provider and mobile user. The contributions of
this dissertation are listed as

• Resource sharing have been widely applied in multi-tier small cell network, where in the
resource layer of service architecture, multiple small cells and macrocells cooperate to allocate
power and spectrum resources to achieve high capacity with low interference. However, in
the infrastructure layer, due to the limited coordination capability or cheating strategies, the
resource sharing may result in bad performance in social welfare. We have proposed the zerodeterminant methods for the administrator of cooperation (AoC), aiming to achieve high and
stable social welfare regardless of the strategy of the participants of cooperation (PoCs). The
proposed strategy is a potential solution that can be adopted in wireless networks with limited
coordination capability among users or cheating behaviors during the cooperation of resource
sharing.
• Following the service architecture, when there are multiple rational individuals in the higher
layer and multiple rational individuals in the lower layer, in order to adopt resource allocation
in the heterogeneous network, a multi-leader multi-follower Stackelberg game is analyzed
10

where all individuals in the higher layer act as leaders and all individuals in the lower layer
act as followers. In the game, based on the predicted responses of all followers and all other
leaders, each leader determine its optimal strategy. Accordingly, there exist Nash equilibrium
among all leader and all followers and Stackelberg equilibrium between leaders and followers.
• Considering the different interactions or mapping among rational individuals in the service
architecture, graphical sub-game or matching sub-game is also implemented with the Stackelberg sub-game and form a hierarchical game framework. In the hierarchical game, all subgame are performed in sequential order, where the sub-game played first should be considered
based on the predicted equilibrium result of the games played afterwards. Overall, all subgames are able to achieve equilibrium solutions.

The elaborations of the discussion with promising applications in future heterogeneous network outline the organization of this dissertation. In Chapter 2, we consider the cooperations in the
infrastructure layer for resource sharing during wireless communication. Due to the limited coordination capability or cheating strategies, each participant of the cooperation may cease its cooperative behavior or duties unilaterally during the resource sharing, resulting in unsatisfying quality
of services (QoSs) for all other participants. Accordingly we model the resource sharing among
participants as an iterated game. Specifically, we first define the participant who is responsible for
maintaining the social welfare as an administrator of cooperation (AoC), and other selfish participants as the regular participants of cooperation (PoCs). Then we consider three scenarios, i.e., with
two-player applying discrete strategy, two-player applying continuous strategy, and multi-player applying continuous strategy, Finally, we investigate the power control problem in each of scenarios,
and apply the zero-determinant strategies for the AoC to find the maximum social welfare that the
AoC can maintain with existence of PoCs.
In Chapter 3, we develop a multi-operator multi-UE Stackelberg game to analyze the interaction between multiple operators and multiple user equipments (UEs) subscribed to the services of
the operators in unlicensed spectrum. In this game, to avoid intolerable interference to the Wi-Fi
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access point (WAP), each operator sets an interference penalty price for each UE that causes interference to the WAP, and the UEs can choose their sub-bands and determine the optimal transmit
power in the chosen sub-bands of the unlicensed spectrum. Accordingly, the operators can predict
the possible actions of the UEs and hence set the optimal prices to maximize its revenue earned
from UEs. Furthermore, we consider two possible scenarios for the interaction of operators in the
unlicensed spectrum. In the first scenario, referred to as the non-cooperative scenario, the operators
cannot coordinate with each other in the unlicensed spectrum. A sub-gradient approach is applied
for each operator to decide its best-response action based on the possible behaviors of others. In the
second scenario, referred to as the cooperative scenario, all operators can coordinate with each other
to serve UEs and control the UEs’ interference in the unlicensed spectrum.
In Chapter 4, we combine the visible light communication (VLC) network with Device-toDevice (D2D) technology so as to offload the congested traffic in cellular network. We consider
that some mobile users accessible to the VLC network is able to relay the transmitted data to the
nearby mobile users. We suppose all the mobile users as relays (MUaRs), cellular service provider
(CSP) and VLC service provider (VLCSP) are autonomous individuals, and propose a hierarchical
game to analyze the optimal strategies for each of them. In the game, the VLCSP determines the
data transmission route and data packet size first. Based on the behaviors of the VLCSP, the CSP
determines the prices of wireless licensed spectrum. According to the behaviors of the VLCSP, the
CSP and the MUaRs in the neighborhood, all MUaRs determines their transmission data rates for
optimal utility.
In Chapter 5, we analyze a general service architecture with the application of fog computing.
We consider a specific fog computing network consisting of a set of data service operators (DSOs)
each of which controls a set of fog nodes to provide the required data service to a set of data service
subscribers (DSSs). How to allocate the limited computing resources of fog nodes (FNs) to all
the DSSs to achieve an optimal and stable performance is an important problem. Therefore, we
propose a joint optimization framework for all FNs, DSOs and DSSs to achieve the optimal resource
allocation schemes in a distributed fashion. In the framework, we first formulate a Stackelberg game
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to analyze the pricing problem for the DSOs as well as the resource allocation problem for the
DSSs. Under the scenarios that the DSOs can know the expected amount of resource purchased by
the DSSs, a many-to-many matching game is applied to investigate the pairing problem between
DSOs and FNs. Finally, within the same DSO, we apply another layer of many-to-many matching
between each of the paired FNs and serving DSSs to solve the FN-DSS pairing problem.
In Chapter 6, we conclude the dissertation and explore potential development of our future
works. Two main research directions are put forward. Considering the various relations among
service providers, resource providers and infrastructure providers, various sub-game modelings can
be implemented in the hierarchical game framework to improve the QoS of all users. Moreover, in
order to increase the computation performance and expand the areas of applications, reinforcement
learning is put forward to be combined with hierarchical game framework to optimize the behaviors
of each rational individuals for high utility.
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Chapter 2

Zero-determinant Strategy for Resource Sharing in
Wireless Cooperations
With fast development of wireless communication, the increasing and diversified demand of
wireless services nowadays requires high spectrum efficiency and data rate transmission. However,
as the wireless resource are limited, in order to improve the resource reuse in wireless communication, as shown in Fig. 2.1, the cooperation of resource sharing has been introduced as a promising
approach and is drawing increasing research attention. Nevertheless, during the cooperation, some
individuals may be able to cheat or break the cooperation unilaterally so as to receive higher payoff
for themselves. For example, in the heterogenous networks, [18] proposes a cooperation between
femtocells and macrocells, in which the femtocell access points (FAPs) help macrocell base station
(MBS) to serve macrocell users (MUs) while MBS allocates a portion of its sub-channels to the
FAPs. In the cooperation, the FAP may cheat the MBS by asking for much spectrum resource from
the MBS without serving MUs nearby. Even though such behavior increases the payoff of FAPs, all
MUs suffers a lot in wireless service and the total social welfare decreases.
In order to avoid such cheating behaviors in wireless cooperation, the authors of [19] implemented a monitoring device for wireless communication to detect and circumvent sophisticated
cheating methods. In [20], the authors proposed a cheating detection system to investigate credibility of the reports submitted periodically from the network nodes and identify the cheating ones. By
applying a one-way hashing function along with the use of arithmetic coding, the authors of [21]
proposed a method to detect cheating and identify cheater deterministically. In [22], the authors proposed a cheat-proof, credit-based system for stimulating cooperation among selfish nodes in mobile
ad-hoc networks.
Nevertheless, the cheating detection methods in previous work require high costs during the
detection, and detection errors affect the performance of cooperation. In order to avoid such prob-
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Figure 2.1: Service architecture in wireless cooperation.
lems, as a new class of probabilistic and conditional strategies, zero-determinant strategy nowadays
has received much attention. With zero-determinant strategy, the player is able to unilaterally set the
expected utility of an opponent or set a ratio between the player’s and their opponent’s expected payoff, regardless of the strategy of his opponents. In the literature, the zero-determinant strategy was
studied in iterated plays of the prisoner’s dilemma [23]. Furthermore, the zero-determinant strategy
is extended into the general 2 × 2 iterated games [24]. In [25], the zero-determinant strategy in
a multi-player game was also studied. In [26], zero-determinant strategy is applied in the area of
wireless communication, where the authors formulate the secondary sharing of licensed spectrum
as an iterated game of power control. In the game, the player applying zero-determinant strategy is
able to control its long-term payoff regardless of the action of other player(s). However, the zerodeterminant strategy was found to be unstable in [27]. Without an informational advantage over
other players, it will instead evolve into less coercive strategies. Especially when players apply the
zero-determinant strategy in the iterated game at the same time, the utilities of the players are low.
In this paper, we utilize the zero-determinant strategy to design a cooperative resource sharing
scheme in wireless communication networks. We consider two types of participants in resource
sharing. The first participant optimizes the social welfare as an administrator of cooperation (AoC),
and the second participants, which are assumed to be selfish, are regular participants of cooperation
(PoCs). Because of the selfishness, each PoC only concerns its own utilities and tries all kinds
of strategies to achieve high revenues at current and future services for itself. Therefore, in order
to stabilize and maintain the desired social welfare. We propose the power control mechanisms
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for the AoC with the zero-determinant strategy, where the behaviors of PoCs will not affect the
weighted sum of AoC and PoC utilities. Continuing our conference paper in [28] and [29], which
is limited by the game design, we extend and apply the zero-determinant strategy in the two-player
continuous-strategy and multi-player continuous-strategy iterated games. The extension enables
more applications adopting zero-determinant strategy. We analyze the properties of the proposed
games, and further elaborate the variety of applications of the zero-determinant strategy in wireless
communication networks. Our main contributions can be summarized as

• Zero-determinant strategy is employed in wireless cooperations to deal with the weak communication signals or cheating behaviors.
• We adopt the zero-determinant strategy for the AoC. With the proposed zero-determinant
strategy, the AoC is able to unilaterally maintain the social welfare at the desired and stable
value, whatever the behaviors of the PoCs’. Furthermore, we also optimize the desired value,
so as to achieve and maintain high and stable social welfare.
• We develop the zero-determinant strategy and apply it to the two-player discrete-strategy iterated game, two-player continuous-strategy iterated game and multi-player continuous-strategy
iterated game.

The rest of this paper is organized as follows. The system model is described in Section 2.1.
We first propose a zero-determinant strategy for the AoC in the two-player discrete-strategy iterated
game in Section 2.2.1. Then in Section 2.2.2, we develop the game as a two-player continuous strategy iterated game and apply the modified the zero-determinant strategy to the game. Moreover, we
propose a zero-determinant strategy in the multi-player continuous-strategy game in Section 2.2.3.
Finally, we present the wide applications of the proposed zero-determinant strategy in areas of wireless communication in Section 2.4, show simulation results in Section 2.3, and summarize our work
in Section 2.5.
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Figure 2.2: Downlink transmission in two-tier small cell networks.

2.1 System Model
As shown in Fig. 2.2, we consider a downlink scenario where one AoC and N PoCs are
service providers and serve their corresponding users with the same channels at the same time. To
reduce the interference among the AoC and PoCs, the AoC and all PoCs optimize and apply power
control strategies. We model the power control as an (N + 1)-player iterated game, and each player
is able to determine its transmit power levels during the game. We denote the transmit power of
[
]
A
the AoC as pA (x), and x is the power level of the AoC satisfying x ∈ loA , hA
i , where lo is the
A
lowest transmit level and hA
i is the highest level of the AoC. The transmit power p is the function

of transmit power level x. Within the feasible region, pA is a monotonic increasing function of x.
Correspondingly, ∀k ∈ {1, 2, . . . , N }, the transmit power of the k th PoC is pPk (yk ). yk is the power
[
]
level of the k th PoC, satisfying yk ∈ loP , hPi . loP is the lowest transmit level and hPi is the highest
level of the PoCs. pPk is a monotonic increasing function of yk .
Furthermore, it is proven that the long-memory player in the iterated game has no advantage over the short-memory player when each stage game is identically repeated infinite times [23].
Therefore, we assume that all players have memory of only one previous move, namely, at current iteration of the game, and the action of all players depends only on the outcome of the previous round.
′ , x)
We suppose that the AoC and all PoCs take the mixed strategy and define sA (x′ , y1′ , y2′ , . . . , yN
]
[
th
as the conditional probability for AoC’s transmit power pA (x′ ), ∀x′ ∈ loA , hA
i , the k PoC trans]
[
mit power pP (yk′ ), ∀k ∈ {1, 2, . . . , N }, ∀y ′ ∈ loP , hPi , in the previous round and the AoC transmit
]
[
power pA (x), ∀x ∈ loA , hA
i , in the current round. Based on the definition, we have the constraint
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as,
A
h
´i

′ , x)dx = 1.
sA (x′ , y1′ , y2′ , . . . , yN

(2.1)

loA
′ , y ), ∀k ∈ {1, 2, . . . , N }, as the conditional probability
Similarly, we define sPk (x′ , y1′ , y2′ , . . . , yN
k

for the AoC’s transmit power pA (x′ ), the lth PoC’s transmit power pP (yl′ ), ∀l ∈ {1, 2, . . . , N },
[
]
∀yl′ ∈ loP , hPi , in the previous round and the k th PoC transmit power pP (yk′ ), ∀k ∈ {1, 2, . . . , N },
[
]
′ , y ) satisfies
∀yk′ ∈ loP , hPi , in the current round. The conditional probability sPk (x′ , y1′ , y2′ , . . . , yN
k
P
h
´i

′ , y )dy = 1,
sPk (x′ , y1′ , y2′ , . . . yN
k
k

∀k ∈ {1, 2, . . . , N }.

(2.2)

loP

While the AoC and N PoCs serve their corresponding users with the same channels at the
same time, the AoC and N PoCs interfere with each other during the service. Therefore, we set the
signal-to-interference-plus-noise ratio (SINR) of the user served by AoC, where the user of AoC is
called AU, as
ηA =

pA (x)ga
,
N
∑
pP
N0 +
k (yk )gka

(2.3)

k=1

where ga is the path gain between the AoC and AU. gka , ∀k ∈ {1, 2, . . . , N } is the path gain
between the k th PoC and AU. N0 is the Gaussian noise power.
Correspondingly, the SINR of user served by the k th PoC (PU) is
ηkP =

pP
k (yk )gkk
,
N
∑
N0 + pA (x)gak +
pP
l (yl )glk

∀k ∈ {1, 2, . . . , N },

(2.4)

l=1,l̸=k

where glk is the path gain between the lth PoC and k th PU, gak is the path gain between the AoC
and the k th PU, and gkk is the path gain between the k th PoC and k th PU, respectively.
When the transmit power of the AoC and all PoCs are pA (x) and pPk (yk ), ∀k ∈ {1, 2, . . . , N },
respectively, we normalize the bandwidth and define the utilities of the AoC wA (x, y1 , y2 , . . . , yN )
and the utility of each PoC wkP (x, y1 , y2 , . . . , yN ), ∀k ∈ {1, 2, . . . , N }, as
{

wA (x, y1 , y2 , . . . , yN ) = log2 (1 + η A ),
wkP (x, y1 , y2 , . . . , yN ) = log2 (1 + ηkP ).
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(2.5)

In (2.5), if we assume that the transmit power of the ith player increases while the transmit
power of all the other N players remains the same, the utility of the ith player will improve but the
utilities of N other players decrease. Therefore, when the PoCs behave noncooperatively, the social
welfare is deteriorated to be unsatisfying and unstable.
In the following sections, we consider the cases where there are (1) two-player applying discrete strategy, (2) two-player applying continuous strategy and (3) multi-player applying continuous
strategy. We then propose corresponding zero-determinant strategies for the AoC to achieve high
stable social welfare unilaterally.

2.2 Game Analysis
2.2.1 Case I: Game Analysis in Two-Player Discrete-Strategy Game
Following the strategy profile of the AoC and N PoCs, with an initial condition, the procedure of the iterated game can be regarded as a stochastic process. To simplify the problem,
we first consider the scenario where there are one AoC and one PoC able to transmit in two disP
P
crete power levels, namely, N = 1, x ∈ {loA , hA
i }, and y ∈ {lo , hi }. Therefore, we label the

four outcomes of each iteration as 1, 2, 3 and 4 corresponding to xy ∈ {ll, lh, hl, hh}, respectively, where x and y denote the transmit levels of the AoC and PoC, and l and h denote transmitP
ting in level loA or loP and level hA
i or hi , respectively. We define the payoff matrix of the AoC
P
A A P ⊤
and PoC as WA = [w1A , w2A , w3A , w4A ]⊤ = [wA (loA , loP ), wA (loA , hPi ), wA (hA
i , lo ), w (hi , hi )]
P
P
A P ⊤
and WP = [w1P , w2P , w3P , w4P ]⊤ = [wP (loA , loP ), wP (loA , hPi ), wP (hA
i , lo ), w (hi , hi )] , respec-

tively. In the current iteration, we assume that the possibilities of four corresponding cases are
∑
v = [v1 , v2 , v3 , v4 ]⊤ , where 4i=1 vi = 1. The utilities of the AoC and PoC are, respectively,
U A = v⊤ WA , and U P = v⊤ WP .
According to the strategy profiles of the AoC and PoC, for N = 1, x ∈ {loA , hPi }, and y ∈
{loA , hPi }, in Fig. 2.3 and Fig. 2.4, we assume the conditional probability of the AoC and PoC from
the previous round to the current round to be a = [a1 , a2 , a3 , a4 ]⊤ and b = [b1 , b2 , b3 , b4 ]⊤ , respec-
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Figure 2.4: The conditional strategy of player Y.
P A
A A P A
tively, where a1 = sA (loA , loP , loA ), a2 = sA (loA , hPi , loA ), a3 = sA (hA
i , lo , lo ), a4 = s (hi , hi , lo ),
P A
P
A P A
and b1 = sP (loA , loP , loA ), b2 = sP (loA , hPi , loA ), b3 = sP (hA
i , lo , lo ), b4 = s (hi , hi , lo ).

We denote the transition matrix of the Markov chain as H, and the stationary vector as vs ,
i.e.,



a1 b1
 a2 b2
H=
 a3 b3
a4 b4

a1 (1 − b1 )
a2 (1 − b2 )
a3 (1 − b3 )
a4 (1 − b4 )

(1 − a1 )b1
(1 − a2 )b2
(1 − a3 )b3
(1 − a4 )b4
vs⊤ H = vs⊤ .


(1 − a1 )(1 − b1 )
(1 − a2 )(1 − b2 ) 
 and
(1 − a3 )(1 − b3 ) 
(1 − a4 )(1 − b4 )

(2.6)

(2.7)

In each iteration of the game, the PoC may cheat the AoC and break the cooperation unilaterally. However, the AoC tries to maintain the social welfare regardless of the PoC’s strategy.
Therefore, in this paper, the AoC applies the zero-determinant strategy. Inspired by the original
work of Press and Dyson, we follow the procedure in [23]. Suppose H′ = H − I, thus vs⊤ H′ = 0.
Furthermore, according to the Cramer’s rule, the adjugate matrix of H′ , i.e., adj(H′ ) times H′
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equal to the determinant of H′ , which is zero, according to the properties of matrix determinant.
Therefore, we also have adj(H′ )H′ = 0. Thus every column of the adj(H′ ) is proportional to vs⊤ .
Therefore, in the dot product of any vector f with the stationary vector vs⊤ , if we replace the vs⊤
with any column of adj(H′ ). It can be expressed as a determinant where a column depends only on
one player’s strategy, as
vs⊤ · f


−1 + a1 b1 −1 + a1 −1 + b1

a2 b2
−1 + a2
b2
= det 

a3 b3
a3
−1 + b3
a4 b4
a4
b4


f1
f2 
.
f3 
f4

(2.8)

e = [−1 + a1 , −1 + a2 , a3 , a4 ]⊤ . When
We set the second column of the determinant as a
f = αWA + βWP + γ1, with α and β as weight factors, we have
vs⊤ · f = vs (αWA + βWP + γ1) = αU A + βU P + γ,

(2.9)

e = ϕ(αWA + βWP + γ1),
where γ is a scalar. We suppose that ϕ is a nonzero scalar. When a
namely, the second column and fourth column of the determinant is proportional. According to the
properties of the matrix determinant, we have
αU A + βU P + γ = 0.

(2.10)

We define the social welfare of both participants in the cooperation as
Uall = αU A + βU P = −γ.

(2.11)

When the AoC takes the zero-determinant strategy, the AoC can always keep the social welfare at a
desired level whatever the strategy of PoC is. The maximum and stable social welfare that the AoC
maintains regardless of PoC actions can be achieved by solving the following problem,
max Uall = αU A (a, b) + βU P (a, b),
a
{
0 6 a 6 1,
s.t.
αU A + βU P + γ = 0.
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∀b,
(2.12)

Accordingly, the problem can be transformed into
min γ

 0 6 a 6 1,
e = ϕ(αWA + βWP + γ),
a
s.t.

ϕ ̸= 0.

(2.13)

When ϕ > 0, because of the constraint a ≥ 0, we put it into the second constraint of problem
(2.13), thus
∀i ∈ {1, 2, 3, 4},

γmin = max(ri ),
where

{
ri =

− ϕ1 − αwiA − βwiP ,
−αwiA − βwiP ,

∀i ∈ {1, 2},
∀i ∈ {3, 4}.

(2.14)

(2.15)

Correspondingly, we put the relation a ≤ 1 into the second constraint of problem (2.13), and obtain
∀i ∈ {5, 6, 7, 8},

γmax = min(ri ),
where

{
ri+4 =

−αwiA − βwiP ,
− αwiA − βwiP ,

1
ϕ

∀i ∈ {1, 2},
∀i ∈ {3, 4}.

(2.16)

(2.17)

Therefore, γ is feasible when γmin 6 γmax , namely,
max(ri ) ≤ min(rj ), ∀i ∈ {1, 2, 3, 4}, ∀j ∈ {5, 6, 7, 8}.

(2.18)

As ϕ can be any positive value satisfying the constraints in (2.18), the minimum value of γ is
(
)
γmin = − min αw3A + βw3P , αw4A + βw4P .

(2.19)

Similarly, when ϕ < 0, we have
γmin = max(rj ),
γmax = min(ri ),

∀j ∈ {5, 6, 7, 8} and

(2.20)

∀i ∈ {1, 2, 3, 4}.

(2.21)

Therefore, γ is feasible when γmin 6 γmax , i.e.,
max(rj ) < min(ri ), ∀i ∈ {1, 2, 3, 4}, ∀j ∈ {5, 6, 7, 8}.
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(2.22)

As ϕ can be any negative value with small absolute value satisfying the constraints in (2.22), the
minimum value of γ is
(
)
γmin = − min αw1A + βw1P , αw2A + βw2P .

(2.23)

e = ϕ(αWA + βWP + γ1), the
Therefore, as the AoC takes the zero-determinant strategy, a
corresponding strategy a of AoC when reaching the minimum is
{
ai =

1 + ϕ(αwiA + βwiP + γmin ), ∀i ∈ {1, 2},
∀i ∈ {3, 4}.
ϕ(αwiA + βwiP + γmin ),

(2.24)

To better illustrate the strategy, we show a simple Chicken-Dare example where there are two
players X and Y applying chicken or dare behaviors in the game. We suppose player X is AoC
and Player Y is PoC. Accordingly, the utility of both players in all situations is WA = [5 3 6 0],
and WP = [5 6 2 0], respectively. We suppose the weighted factors of both players are the same,
namely, α = 1, and β = 1. Based on (2.24), when player X applies zero-determinant strategy
[8/9 1 1/9 1], the second and fourth column of the determinant vs · f is proportional, thus the player
X can unilaterally determine αU A + βU P − 9 = 0. The social welfare can be maintained at the
value of 9.

2.2.2 Case II: Game Analysis in Two-Player Continuous-Strategy Iterated Game
To further analyze the problem, in this section, we consider the scenario in which there are one
[
]
AoC and one PoC yet transmitting in continuous power levels, namely, N = 1 while ∀x ∈ loA , hA
i ,
[
]
and ∀y ∈ loP , hPi . Therefore, according to the definition in the general case, when the transmit
power of the AoC is pA (x) and the transmit power of the PoC is pP (y), the payoffs of the AoC and
PoC are defined as wA (x, y) and wP (x, y), respectively. We denote the probability for the AoC and
PoC to choose corresponding level x and level y in each round by v(x, y). The utilities of AoC and
PoC within each round are, respectively,
ˆ
UA =

hA
i
loA

ˆ

hP
i

vs (x, y)wA (x, y)dydx and

loP
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(2.25)

ˆ
U

P

hA
i

ˆ

hP
i

=
loA

vs (x, y)wP (x, y)dydx.

(2.26)

loP

Furthermore, if we suppose that the AoC and PoC choose level x = x−1 and y = y−1 in the previous
round and choose level x = x0 and y = y0 in the current round, respectively, the transition function
can be expressed as
H(x−1 , y−1 , x0 , y0 ) = sA (x−1 , y−1 , x0 )sP (x−1 , y−1 , y0 ).

(2.27)

Accordingly, we have
v(x−1 , y−1 )H(x−1 , y−1 , x0 , y0 ) = v(x0 , y0 ).

(2.28)

If we define the stationary state as vs (x, y), the stochastic process reaches a stable point when
v(x−1 , y−1 ) = v(x0 , y0 ) = vs (x, y). Therefore, we have the following lemma.
Lemma 2.1. When the function s̃A (x, y, hA
i ) is defined as
{
s̃A (x, y, hA
i )

=

sA (x, y, hA
i ),
A
s (x, y, hA
)
i − 1,

x < hA
i ,
x = hA
i ,

(2.29)

[
]
[ P P]
A
A
A
∀x ∈ loA , hA
i , ∀y ∈ lo , hi , according to the strategy of the AoC, when s̃ (x, y, hi ) = ϕ(αw (x, y)+
βwP (x, y) + γ), the utilities of AoC and PoC satisfy,
αU A + βU P + γ = 0,

(2.30)

where α, β, and γ are scalars.

Proof. The proof is given in Appendix A.
When the AoC takes zero-determinant strategy, the AoC can always keep the social welfare
at a desired level whatever the strategy of PoC is. The maximum and stable social welfare that the
AoC maintains regardless of PoC actions can be achieved by solving the following problem,
max Uall = αU A (sA , sP ) + βU P (sA , sP )
sA

{
s.t.

0 6 sA (x′ , y ′ , x) 6 1,
αU A + βU P + γ = 0,
24

∀sP
(2.31)

where the first constraint is for the AoC transition probability and the second constraint is the zerodetermine strategy.
Similarly, we set T1 (x, y) = αwA (x, y) + βwP (x, y). The problem can be transformed as
follows:
min γ

 0 6 sA (x′ , y ′ , x) 6 1,
s̃A (x, y, hA
s.t.
i ) = ϕ(T1 (x, y) + γ),

ϕ ̸= 0.

(2.32)

Based on the problem given in (2.32), when ϕ > 0, because of the constraint sA (x′ , y ′ , x) ≥ 0,
we have
γmin = max(r(x′ , y ′ )),

[
]
[ P P]
′
∀x′ ∈ loA , hA
i , ∀y ∈ lo , hi ,

(2.33)

where
′

{

′

r(x , y ) =

− ϕ1 − T1 (x′ , y ′ ),
−T1 (x′ , y ′ ),

[
)
∀x′ ∈ loA , hA
i ,
x′ = hA
i .

(2.34)

Correspondingly, due to the constraint sA (x′ , y ′ , x) ≤ 1, we have
[
]
[ P P]
′′
γmax = min(r(x′′ , y ′′ )), ∀x′′ ∈ loA , hA
i , ∀y ∈ lo , hi ,
where
′′

′′

{

r(x , y ) =

−T1 (x′′ , y ′′ ),
1
′′ ′′
ϕ − T1 (x , y ),

[
)
∀x′′ ∈ loA , hA
i ,
x′′ = hA
i .

(2.35)

(2.36)

[
]
[ P P]
′ ′′
Therefore, γ is feasible when γmin 6 γmax , namely, ∀x′ , x′′ ∈ loA , hA
i , ∀y , y ∈ lo , hi ,
max(r(x′ , y ′ )) < min(r(x′′ , y ′′ )).

(2.37)

As ϕ can be any positive value with small absolute value satisfying (2.37), the minimum value of γ
is
(
)
[ P P]
′
′
γmin = − min T1 (hA
i , y ) , ∀y ∈ lo , hi .

(2.38)

Similarly, when ϕ < 0,
]
[ P P]
[
′′
and
γmin = max(r(x′′ , y ′′ )), ∀x′′ ∈ loA , hA
i , ∀y ∈ lo , hi
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(2.39)

[
]
[ P P]
′
γmax = min(r(x′ , y ′ )), ∀x′ ∈ loA , hA
i , ∀y ∈ lo , hi .

(2.40)

Therefore, γ is feasible when γmin 6 γmax , i.e.,
max(r(x′′ , y ′′ )) < min(r(x′ , y ′ )),

(2.41)

[
]
[ P P]
[ A A]
[ P P]
′
′′
′′
∀x′ ∈ loA , hA
i , ∀y ∈ lo , hi , ∀x ∈ lo , hi , and ∀y ∈ lo , hi .
As ϕ can be any negative value with small absolute value satisfying (2.41), the minimum value
of γ is
(
)
[
)
[ P P]
′′
γmin = − min T1 (x′′ , y ′′ ) , ∀x′′ ∈ loA , hA
i , ∀y ∈ lo , hi .

(2.42)

Therefore, as the AoC takes the zero-determinant strategy,
A

′

s (x , y

′

{
, hA
i )

=

ϕ(T1 (x′ , y ′ ) + γmin ),
ϕ(T1 (x′ , y ′ ) + γmin ) + 1

x′ < hA
i ,
x′ = hA
i .

(2.43)

Whatever the strategy of PoC is, the social welfare can be unilaterally maintained at the value −γmin .

2.2.3 Case III: Game Analysis in Multi-Player Continuous-Strategy Iterated Game
In this section, we consider the scenario with one AoC and N PoCs transmitting in continuous power levels. Let v(x, y1 , y2 , . . . , yN ) be the probability for AoC and the k th PoC, ∀k ∈
{1, 2, . . . , N }, to choose corresponding level x and level yk in each round. If we suppose that AoC
and the k th PoC choose level x′ and yk′ in the previous round and choose level x and yk in the current
round, respectively, the transition function can be expressed as
′ , x, y , . . . y ) = sA (x′ , y ′ , . . . y ′ , x)
H(x′ , y1′ , . . . yN
1
N
1
N

N
∏
k=1

sPk (x′ , y ′ 1 , . . . , y ′ N , yk ).

(2.44)

Accordingly, we have
′ )H(x′ , y ′ , . . . y ′ , x, y , . . . , y ) = v(x, y , . . . , y ).
v(x′ , y1′ , . . . , yN
1
1
N
N
1
N

(2.45)

If we define the stationary state as vs (x, y), the stochastic process will reach a stable point when
′ ) = v (x, y , y , . . . , y ).
v(x, y1 , y2 , . . . , yN ) = v(x′ , y1′ , y2′ , . . . , yN
s
1 2
N
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Moreover, based on the payoff when the AoC and all PoCs serve their corresponding users
with different power levels, the utilities of AoC and the k th PoC are, ∀k ∈ {1, 2, . . . , N }, respectively,
UA =

´ hA
´ hPi
i
x=loA y1 =loP

UkP =

···

´ hPi

´ hPi
´ hA
i
x=loA y1 =loP

yN =loP

···

vs wA dyN · · · dy1 dx and

´ hPi
yN =loP

vs wkP dyN · · · dy1 dx.

(2.46)

(2.47)

We define the total utilities of all the players with weight factors α and βk , ∀k ∈ {1, 2, . . . , N } as
social welfare, i.e.,
Uall = αU A +

N
∑

βk UkP .

(2.48)

k=1

When the AoC and all PoCs cooperate to serve their corresponding users, in order to avoid
the unpredictable decrease of the social welfare caused by the cheating behaviors of any PoC, the
AoC is required to maintain the social welfare in a high and stable value, regardless of the strategies
of all the N PoCs. To achieve such an objective, the following problem will be solved, i.e.,
max Uall ,
sA

s.t.

∀sPk ,

∀k ∈ {1, 2, . . . , N },

0 6 sA 6 1.

(2.49)

By the zero-determinant strategy, we have the following lemma.
[
]
Lemma 2.2. When the function s̃A (x, y1 , y2 , . . . , yN , loA ), ∀yk ∈ loP , hPi , ∀k ∈ {1, 2, . . . , N } is
defined as
s̃A{
(x, y1 , . . . yN , loA )
sA (x, y1 , . . . , yN , loA ) − 1,
=
sA (x, y1 , . . . , yN , loA ),

x = loA ,
x > loA .

(2.50)

P (x, y , . . . , y ).
We set T2 (x, y1 , . . . , yN ) = αwA (x, y1 , . . . , yN )+β1 w1P (x, y1 , . . . , yN )+· · ·+βN wN
1
N

According to the strategy of the AoC, if
s̃A (x, y1 , . . . , yN , loA ) = ϕ [T2 (x, y1 , . . . , yN ) + γ] ,
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(2.51)

and the utilities of AoC and PoC satisfy,
P + γ = 0,
αU A + β1 U1P + · · · + βN UN

(2.52)

where α, β1 , . . . , βN and γ are scalars.
Proof. The proof is shown in Appendix B.
Accordingly, if the AoC adopts zero-determinant strategy, the optimization problem (2.49)
can be transformed into
min γ

′ , x) 6 1,
 0 6 sA (x′ , y1′ , . . . , yN
A
A
s̃ (x, y1 , . . . , yN , lo ) = ϕ(T2 (x, y1 , . . . , yN ) + γ).
s.t.

ϕ ̸= 0.

(2.53)

′ , x) ≤ 1, we
Based on the above, when ϕ > 0, because of the constraint sA (x′ , y1′ , y2′ , . . . , yN

have
′ , y ′ , . . . , y ′ )),
γmin = max(r(x
1
[
)
[ N
]
′ ∈ lP , hP , ∀k ∈ {1, . . . , N },
∀x′ ∈ loA , hA
,
∀y
o
i
i
k

(2.54)

where
′
r(x′ , y1′ , . . . yN
)

{
=

[
)
′ ),
− ϕ1 − T2 (x′ , y1′ , . . . yN
∀x′ ∈ loA , hA
i ,
′ ),
x′ = hA
−T2 (x′ , y1′ , . . . yN
i .

(2.55)

Correspondingly, due to the constraint sA (x′ , y ′ , x) ≥ 0, we have
′′ ′′
′′
γmax = min(r(x
[ A A ) , y1 ,′′. . . ,[yPN )),P ]
′′
∀x ∈ lo , hi , ∀yk ∈ lo , hi , ∀k ∈ {1, . . . , N },

(2.56)

where
′′
r(x′′ , y1′′ , . . . , yN
)

{
=

)
[
′′ ),
−T2 (x′′ , y1′′ , . . . , yN
∀x′′ ∈ loA , hA
i ,
1
′′ ′′
′′
x′′ = hA
i .
ϕ − T2 (x , y1 , . . . , yN ).
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(2.57)
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Figure 2.5: The social welfare vs. iteration with different strategies.
Therefore, γ is feasible when γmin 6 γmax , namely,
′ )) < min(r(x′′ , y ′′ , . . . , y ′′ )).
max(r(x′ , y1′ , . . . , yN
1
N

(2.58)

As ϕ can be any positive value satisfying constraints given in (2.58), the minimum value of γ is,
[
]
∀yk′ ∈ loP , hPi , ∀k ∈ {1, 2, . . . , N },
(
)
′
′
γmin = − min T2 (hA
i , y1 , . . . , yN ) .

(2.59)

[
]
Similarly, when ϕ < 0, ∀yk′′ ∈ loP , hPi , ∀k ∈ {1, 2, . . . , N }, we have
[
)
∀x′′ ∈ loA , hA
and
i

(2.60)

[
)
∀x′ ∈ loA , hA
i .

(2.61)

′′ )) < min(r(x′ , y ′ , . . . , y ′ )).
max(r(x′′ , y1′′ , . . . , yN
1
N

(2.62)

′′ )),
γmin = max(r(x′′ , y1′′ , . . . , yN
′ )),
γmax = min(r(x′ , y1′ , . . . , yN

Therefore, γ is feasible when γmin 6 γmax , i.e.,

As ϕ can be any negative value satisfying constraints in (2.62), the minimum value of γ is, ∀x′′ ∈
]
[
[ A A)
lo , hi , ∀yk′′ ∈ loP , hPi , ∀k ∈ {1, . . . , N },
′′ )) .
γmin = − min (−T2 (x′′ , y1′′ , . . . , yN
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(2.63)
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Figure 2.6: The distance between PoC and PU vs. social welfare.
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Figure 2.7: The comparison of social welfare vs. iteration.
′ , x), ∀k ∈
Therefore, as the AoC takes the zero-determinant strategy sA (x′ , y1′ , y2′ , . . . , yN
[
]
{1, 2, . . . , N }, ∀yk ∈ loP , hPi , i.e.,
′
sA (x′ , y1′ , . . . , yN
, hA
i )

{
=

(2.64)

[
)
′ ) + γ),
ϕ(T2 (x′ , y1′ , · · · yN
∀x′ ∈ loA , hA
i ,
′ ) + γ),
1 + ϕ(T2 (x′ , y1′ , . . . , yN
x′ = hA
i ,

and the social welfare can be unilaterally maintained in the value of −γmin . As all x′′ and yk′′
are continuous bounded variables, based on different utility functions of AoC and PoCs, we can
approach the optimal solution with existing optimization algorithms [45]. For example, the iterated
water-filling algorithm can be adopted in this paper, and the complexity can achieve roughly O(M )
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Table 2.1: Parameter setting.
Physical Meaning
Value
Weighted factor for AoC α
1
Weighted vector for PoC β
All elements equal to 1
Minimum transmit power of AoC
0.1W
Minimum transmit power of each PoC
0.1W
Maximum transmit power of AoC
10W
Maximum transmit power of each PoC
0.2W
-105 dB/Hz
Gaussian noise density
Bandwidth of each sub-band
1 MHz
Average distance between AoC and AU
100 m
Average distance between PoC and PU
5m
in each iteration of the algorithm [46] [47].

2.3 Simulation results
In this section, we present simulations to evaluate the performances of the proposed zerodeterminant strategy in different scenarios with MATLAB. There are two-player applying discrete
strategy, two-player applying continuous strategy and multi-player applying continuous strategy in
iterated games. As shown in Fig. 2.2, we suppose that the AoC and PoC serve their corresponding
users with the same channel at the same time. In the scenario where there are two players (i.e., one
AoC and one PoC) applying the discrete strategy, without loss of generality, we suppose that the
AoC and PoC are located at (0, 0) and (−20, 20), respectively, and their corresponding users AU
and PU are located at (100, 0) and (−15, 20), respectively. In the game, the AoC is able to use the
transmit power of 0.1W or 10W , and the PoC is able to use the transmit power of 0.1W or 0.2W .
The white noise is −105dBm. The detailed setting of parameters are shown in the Table 2.1.
For better analysis, for the AoC, we compare the proposed zero-determinant strategy with
the aggressive (a = [0, 0, 0, 0]) and energy-saving strategy (a = [1, 1, 1, 1]). The social welfare
is as defined in (2.5). As shown in Fig. 2.5, when the AoC adopts the proposed zero-determinant
strategy, whatever the PoC applies aggressive (b = [0, 0, 0, 0]), average (b = [0.5, 0.5, 0.5, 0.5]) or
energy-saving strategy (b = [1, 1, 1, 1]), the social welfare can be maintained as a stable value. The
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maximum value is 9.5405. However, when the AoC takes aggressive or energy-saving strategy, the
social welfare is determined by the strategies of both PoC and AoC. Furthermore, in the game, we
evaluate relationships between the final social welfare with the distance between the PoC and PU
and the maximum transmit power of PoC, respectively. In Fig. 2.6, with the distance between the
PoC and PU increasing, in general, the social welfare decreases. The social welfare when AoC takes
zero-determinant strategy is higher than that when AoC is aggressive, but lower than that when AoC
takes energy-saving strategy.
In Fig. 2.7, we show the results when the AoC adopts zero-determinant, tit-for-tat, and Pavlov
strategies and the PoC applies tit-for-tat and Pavlov strategies, in the two-player discrete-strategy
scenario. We start from a random state of the game. When the AoC adopts the zero-determinant
strategy, whatever the strategy of the PoC is, the social welfare converges to a stable value, and the
value is the highest compared with the results of other strategies. When the AoC applies tit-for-tat
and Pavlov strategies, the game can be unstable, and both the expectation and variation of the social
welfare depend on the strategies of the PoC.
In the scenario where there are two players applying continuous strategy, we suppose that the
AoC is able to choose the transmit power from 0.1W to 10W , and the PoC is able to choose the
transmit power from 0.1W to 0.2W in the game. We compare the proposed zero-determinant strat′
′
A ′ ′ A
egy with the aggressive (sA (x′ , y ′ , hA
i ) = 0, ∀x , ∀y ) and energy-saving strategy (s (x , y , lo ) =

1, ∀x′ , ∀y ′ ).
As shown in Fig. 2.8, when the AoC adopts the proposed zero-determinant strategy, no matter
when the player PoC applies aggressive (sA (x′ , y ′ , hPi ) = 0, ∀x′ , ∀y ′ ), average (sP (x′ , y ′ , y) =
1/(hPi − loP ), ∀x′ , ∀y ′ , ∀y) or energy-saving strategy ( sP (x′ , y ′ , loP ) = 1, ∀x′ , ∀y ′ ), the social
welfare can be maintained as a stable value. The maximum value is 9.35. However, when AoC takes
aggressive or energy-saving strategy, the social welfare is determined by the strategies of both PoC
and AoC. Moreover, in Fig. 2.9, with the distance between the PoC and PU increasing, the social
welfare generally decreases. The social welfare when the AoC takes zero-determinant strategy is
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Figure 2.9: The distance between PoC and PU vs. social welfare.
higher than that when the AoC is aggressive but lower than that when the AoC takes energy-saving
strategy.
In Fig. 2.10, we consider the situations when the AoC adopts zero-determinant, tit-for-tat, and
Pavlov strategies and the PoC applies tit-for-tat, and Pavlov strategies, in the two-player continuousstrategy scenario [48, 49]. We start from a random state of the game. When the AoC adopts zerodeterminant strategy, with more iterations, it can unilaterally converge to the stable social welfare.
However, even though sometimes the social welfare is higher than the zero-determinant strategy
when the AoC applies tit-for-tat and Pavlov strategies, the game may be unstable. When the PoC
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Figure 2.10: The comparison of social welfare vs. iteration with classic strategies.
applies different strategies, the game results can be different.
In the scenario with multiple players applying continuous strategy, there are three players
playing the game, the AoC and two PoCs are located at (0, 0), (−20, 20), and (23, −12), respectively, and their corresponding users, i.e., AU and two PUs, are located at (100, 0), (28, −12), and
(−19, −24), respectively. During the game, the AoC is able to choose the transmit power from
0.1W to 10W , and the PoC is able to choose the transmit power from 0.1W to 0.2W . We compare
′
′
′
the proposed zero-determinant strategy with the aggressive (sA (x′ , y1′ , y2′ , hA
i ) = 0, ∀x , ∀y1 , ∀y2 )

and energy-saving strategy (sA (x′ , y1′ , y2′ , loA ) = 1, ∀x′ , ∀y1′ , ∀y2′ ).
As shown in Fig. 2.11, when the AoC adopts the proposed zero-determinant strategy, no
matter when the two PoCs apply aggressive strategy(sP (x′ , y1′ , y2′ , hPi ) = 0, ∀x′ , ∀y1′ , ∀y2′ ), average strategy (sP (x′ , y1′ , y2′ , y1 ) = sP (x′ , y1′ , y2′ , y2 ) = 1/(hPi − loP ), ∀x′ , ∀y1′ , ∀y2′ , ∀y1 , ∀y2 ) or
energy-saving strategy (sP (x′ , y1′ , y2′ , loP ) = 0, ∀x′ , ∀y1′ , ∀y2′ ), the social welfare can be maintained
at a stable value. The maximum value is 16.4934. However, when the AoC takes aggressive or
energy-saving strategy, the social welfare is determined by the strategies of the two PoCs and AoC.
Furthermore, in Fig. 2.12, with the distance between the PoC and PU increasing, the social welfare
generally decreases. The social welfare when AoC takes zero-determinant strategy is much higher
than that when AoC is aggressive, while slight lower than that when AoC adopts energy-saving
strategy.
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Figure 2.11: The social welfare vs. iteration with different strategies.
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Figure 2.12: The distance between PoC and PU vs. social welfare.
In Fig. 2.13, we further simulate the situations when the AoC adopts the zero-determinant,
and Pavlov strategies and the other two PoCs apply the tit-for-tat, and Pavlov strategies, in the multiplayer continuous-strategy scenario. Started from a random state of the game, when the AoC adopts
zero-determinant strategy, with more iterations, inspective of the strategy of the PoCs, the social
welfare converges to the same and stable value. However, when AoC applies Pavlov strategy, the
social welfare when the PoCs adopt tit-for-tat is lower than the one when the PoCs use Pavlov, and
both strategies are lower than the one when the AoC adopts zero-determinant strategy.
We ensue performance evaluation by increasing the number of PoCs and comparing the maximum social welfare that the AoC can unilaterally maintain with the zero-determinant strategy. As

35

17
16

AoC: Zero−determinant, PoCs: Tit−for−Tat
AoC: Zero−determinant, PoCs: Pavlov
AoC: Pavlov, PoCs: Tit−for−Tat
AoC: Pavlov, PoCs: Pavlov

Social Welfare

15
14
13
12
11
10
9

0

5

10

15
Iteration

20

25

30

Figure 2.13: The comparison of social welfare vs. iteration with classic strategies.
50
Diameter=50 m
Diameter=100 m
Diameter=150 m

45
40

Social Welfare

35
30
25
20
15
10
5

1

2

3

4

5
6
Number of PoC

7

8

9

Figure 2.14: The number of PoCs vs. social welfare in the game.
shown in Fig. 2.14, we randomly deploy PoCs in the areas with diameter of 50 meters, 100 meters,
and 150 meters, respectively. The centralizations of the areas are 100 meters far away from the
AoC. We suppose the AoC employ the proposed zero-determinant strategy and all the PoCs adopt
all kinds of selfish strategies in the game. According to the game results, we can see with the number
of PoCs increasing, the highest social welfare the AoC is able to maintain generally increases, and
the speed of the increasing decreases when we deploy the PoCs in a smaller area. The reason is that
when there are few PoCs in the area, users can receive better performance with larger number of
PoCs. However, when the density of PoCs is large, the interference is severe. With more PoCs in
the area, more interference will be generated in the area, affecting the performance of the services.
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2.4 Related Work and Applications for Game Model
The game model can be widely applied on the cooperation of resource sharing in wireless
networks. As illustrative examples, we outline three major applications as the following.

2.4.1 Heterogeneous networks
In in heterogeneous networks (HetNets) where macrocell cellular and small/femto cells coexist and share wireless resources, with more resources and coverage areas, the macrocell connection
guarantees the communication qualities of all the users, and is responsible for maintaining the performance of communication during the resource sharing. By contrast, due to lack of fully centralized
control, the small/femto cell are selfish and pursue maximizing its own utility. The small/femto cell
may cheat during the cooperation of resource sharing. Therefore, we suppose that the macrocell acts
as the AoC and the small/femto cell acts as the PoC. In literature, there are many cooperations that
can be considered in this perspective. In [30], the small/femto cell base station cooperates with the
macrocell base station and adopts power control strategy to circumvent strong interference to other
users. Consequently, it is important to maintain the SINR of all users at the high feasible value.
The scheme proposed in [31] adjusts the maximum transmit power of femtocell users to mitigate
the cross-tier interference. Furthermore, the cooperation can be applied not only in power control
but also in other wireless resource allocations in a similar way. In [32], when there are few licensed
femtocell users but many macrocell users close to one femtocell base station, the macrocell refunds
the femtocell network to utilize its power and spectrum resources serving macrocell users. In [33],
when the femtocell is crowded with indoor users while the macrocell network serves few users with
available spectrum resources, the femtocell prefers to borrow spectrum resources from the macrocell and pay some prices to benefit the utilities of both networks. However, according to the above
cooperations, the small/femto cells may unilaterally cheat the macrocell and do not follow the rules
in the cooperation to get high utilities in the next iteration, causing a series of noncooperations and
low social welfare in the future. Accordingly, to avoid the noncooperative behaviors of small/femto
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cell in the above applications, the macrocell can adopt the proposed zero-determinant strategy to
maintain high and stable social welfare.

2.4.2 Cognitive radio networks
In cognitive radio networks, secondary users are allowed to utilize the spectrum with low
interference from the primary users. The primary user can maintain the high stable social welfare
during the resource sharing. However, the secondary user may cheat the primary user for its own
higher utility. Here, the primary user acts as the AoC and the secondary user acts as the PoC. The
game model can be applied in the following cognitive radio applications. In [30, 34], both primary
user and secondary user can cooperate to control the transmit power to share the limited spectrum
resources. In [35, 36], the primary users can cooperate and lease a portion of its spectrum to the
secondary network to obtain revenue when the QoS of all the primary users is guaranteed. Furthermore, in [37], the primary user and secondary user cooperate and play the Stackelberg game in
power control and channel allocation to achieve better performances for themselves. The authors
of [38] consider the problem of joint power control and beamforming during the cooperation to
minimize the total transmitted power. In [39], the cooperation among primary users is proposed for
better performances in the secondary network. In [40], for different secondary users, the cooperative spectrum sensing schedule can also be considered when there exist multiple primary channels.
Based on the above cooperations, when the secondary users perform noncooperative behaviors, the
primary user can adopt the proposed zero-determinant strategy to avoid the low and unstable social
welfare.

2.4.3 Device-to-device (D2D) communication networks
D2D users can also cooperate and reuse spectrum of the cellular network, hence increasing its
utilization. In particular, the D2D communication network can underlay the cellular network. Similarly, the cellular network is required to keep the high stable social welfare in terms of good QoS
performance and high revenue, and the D2D users may cheat cellular networks for better utilities,

38

for example, by using higher power than the limit. The game model can be applied to the following scenarios. In [41], the authors employ a power control method to the D2D communication to
cooperate with the traditional cellular network and constrain the SINR degradation of the cellular
link to a certain level. The authors of [42] derive optimum power allocation strategy to coordinate
the interference and benefit the overall performance. Moreover, as illustrated in [43], the D2D network and cellular network can cooperate and share the same spectrum with a joint scheduling and
resource allocation scheme. In [44], the D2D network can also cooperate and pay a certain price
to cellular networks to allow D2D users causing limited interference on the shared channels. In the
above applications, even if the D2D users behave non-cooperatively, the cellular network can still
adopt the proposed zero-determinant strategy to achieve the social welfare at a high and stable value
unilaterally.

2.5 Conclusions
In this paper, we have proposed the zero-determinant methods for the administrator of cooperation (AoC) in a two-player discrete-strategy game, two-player continuous-strategy game and
multi-player continuous-strategy game. The objective is to achieve high and stable social welfare
regardless of the strategy of the participants of cooperation (PoCs). The proposed strategy is a potential solution that can be adopted in wireless networks with limited coordination capability among
users or cheating behaviors during the cooperation of resource sharing. Simulation results have
demonstrated and verified that when the AoC applies the proposed zero-determinant strategy, the
social welfare can be unilaterally determined by AoC. Furthermore, compared with the classic titfor-tat and Pavlov strategies, the proposed zero-determinant strategy is able to maintain the high and
stable social welfare.
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2.6 Appendix A: Proof of Proposition 2.1
In order to analyze the problem, we define a small number ∆, and the transmit power of the
AoC and PoC is denoted by pA (loA ), pA (loA + ∆), . . . , pA (loA + n∆), and pP (loP ), pP (loP + ∆),
A
. . . , pP (loP + n∆), respectively, where n is a sufficient large number satisfying n∆ = hA
i − lo or

n∆ = hPi − loP . When ∆ approaches zero, the transmit power of the AoC and PoC is continuous.
Accordingly, we define the conditional probability for the AoC to be sA
ij−k , ∀i ∈ {1, 2, . . . , n},
∀j ∈ {1, 2, . . . , n}, ∀k ∈ {1, 2, . . . , n}, where in the previous round the transmit power of the AoC
and PoC is pA (loA +i∆) and pP (lop +j∆), respectively. In the current round, the transmit power of the
AoC is pA (loA + k∆). Similarly, the conditional probability for the PoC is sPij−k , ∀i ∈ {1, 2, . . . , n},
∀j ∈ {1, 2, . . . , n}, ∀k ∈ {1, 2, . . . , n}.
Following the strategy profile of both players, the AoC and PoC, defined above, with an initial
condition, the procedure of the iterated game can be regarded as a stochastic process characterized
by a Markov chain. Therefore, we define the transition matrix of the Markov chain as Hd , and the
stationary vector of the Markov chain as vs , i.e.,
Hd = [S11 , . . . , S1n , S21 , . . . , S2n , . . . , Sn1 , . . . , Snn ] and

(2.65)

vs⊤ Hd = vs⊤ ,

(2.66)

where Sij , ∀i ∈ {1, 2, . . . , n}, ∀j ∈ {1, 2, . . . , n} is the conditional probabilities that the AoC take
strategy pA (lo + i∆) and the PoC take strategy pP (lo + j∆) in the current round, given all the
outcomes of the previous round. Thus, ∀i ∈ {1, 2, . . . , n}, ∀j ∈ {1, 2, . . . , n}, we have
P
A
P
A
P
A
P
⊤
Sij = [sA
11−i s11−j , . . . , s1n−i sn1−j , . . ., sn1−i s1n−j , . . ., snn−i snn−j ] .

(2.67)

Furthermore, when both AoC and PoC serve their users with different power levels, we define
[ A
]
A , w A , . . . , w A , . . . , w A , . . . , w A ⊤ and
the payoffs of the AoC and PoC as WA = w11
, . . . , w1n
nn
21
2n
n1
[ P
]
P , w P , . . . , w P , . . . , w P , . . . , w P ⊤ , respectively. The utilities of AoC and
WP = w11
, . . . , wn1
nn
12
n2
1n
PoC are, UdA = vs⊤ WA and UdP = vs⊤ WP , respectively.
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Similar to the procedure in [17], we define H′ d = Hd − I, where I is the unit diagonal matrix.
Thus, vs⊤ H′ d = 0.
Using the Cramer’s rule, we have Adj(H′d )H′d = det(H′d )I = 0, where Adj(H′d ) is the
adjugate matrix of H′d . Accordingly, every row of Adj(H′d ) is proportional to vs . We choose the
P

first row of

Adj(H′d )

in this paper. Furthermore, we have

hi
∑
k=loP

sPij−k = 1.

After some elementary determinant transformations and column operations, the dot product of
any vector f = [f1 , f2 , f3 , . . . , fnn ]⊤ with the stationary vector vs can be calculated as a determinant
where a column depends only on one player’s strategy, such as,
vs⊤ · f ≡ D(f , sA , sP )

f1

..

.

 f(n−1)n
= det 
 f(n−1)n+1


..

.

···
..
.
···
···
..
.
···

fnn

sA
11−n
..
.






A
s(n−1)n−n 
,

sA
−
1

n1−n

..

.

(2.68)

sA
nn−n − 1

where
A
A
e
snn = [sA
11−n , . . . , s1n−n , . . . , . . . , s(n−1)1−n ,
A
A
⊤
. . . , sA
(n−1)n−n , sn1−n − 1, . . . , snn−n − 1] .

(2.69)

When f = αWA + βWP + γ1, with α, β and γ as scalars, vs⊤ (αWA + βWP + γ1) = αUdA +
βUdP + γ.
Therefore, we suppose ϕ is a nonzero scalar. When
e
snn = ϕ(αWA + βWP + γ1),

(2.70)

αUdA + βUdP + γ = 0.

(2.71)

we conclude that

When ∆ approaches zero, the transmit power of the small cell base station(SBS) and macrocell base
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station(MBS) is continuous. Therefore, UdA and UdP approach U A and U P , i.e.,
αU A + βU P + γ = 0.

(2.72)

Thus the final conclusion in Lemma 2.1 is proven.

2.7 Appendix B: Proof of Proposition 2.2
Based on Proposition 2.1, when there are two players in the game, the AoC is able to take
the zero-determinant strategy to unilaterally determine the utilities of the AoC and PoC satisfying
αU A + βU P + γ = 0.
When there are M players in the game, we follow the proof of Proposition 2.1, and define
the conditional probability for the AoC to transmit at the power of pA (loA + k∆) in the current
]⊤
[ A A
A
, ∀k ∈ {1, 2, . . . , n}, based on any condition in the previous
round as sA
k = s1 k , s2 k , . . . , snM k
round. Similarly, we define the conditional probability for the ith PoC to transmit at the power
[
]⊤
i
of pPi (loP + k∆) in current round as sPk i = sP1 ik , sP2 ik , . . . , sPnM
, ∀i ∈ {1, 2, . . . , M − 1},
k
∀k ∈ {1, 2, . . . , n}. Therefore, in the iterated game, the transition matrix Ht and stationary vector
vs of the Markov chain are
Ht = [S1 , . . . , Sn , Sn+1 , . . . , Sn2 , . . . , . . . , SnM ] and

(2.73)

vs Ht = vs ,

(2.74)

P

P1
M −1
where Sk0 k1 ···kM −1 = sA
k0 ◦ sk1 ◦ · · · ◦ skM −1 . ∀ki ∈ {1, 2, . . . , n}, ∀i ∈ {0, 1, 2, . . . , M − 1}, and

◦ is the Hadamard product in matrix multiplication. We define H′t = Ht − I, thus
vs H′t = 0.

(2.75)

Furthermore, according to the Cramer’s rule,
Adj(H′t )H′t = det(H′t )I = 0,

(2.76)

every row of Adj(H′t ) is proportional to vs . We choose the first row of Adj(H′t ) to replace vs .
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Based on the above, we assume that after some elementary determinant transformations and
column operations, the dot product of any vector f = [f1 , f2 , . . . , fnM ]⊤ and stationary vector vs
can be calculated as a determinant where a column depends only on one player’s strategy, i.e.,
(
vs⊤ · f ≡ det f

)
s̃A
n ,

···

A
A
A
A
where s̃A
n = [s1 n , . . . , sn(M −1) n , sn(M −1) +1 n − 1, . . . , snM

n

(2.77)

− 1]⊤ .

]⊤
[
Accordingly, we define the payoff of the AoC and the k th PoC as WA = w1A , w2A , . . . , wnAM
[
]⊤
k
and WkP = w1Pk , w2Pk , . . . , wnPM
, ∀k ∈ {1, 2, . . . , M − 1}, respectively. Thus, the utilities of
AoC and the k th PoC are UdA = vs⊤ WA and UdPk = vs⊤ WkP , ∀k ∈ {1, 2, . . . , M − 1}, respectively.
When the AoC takes strategy s̃A
n , and
P

f = αWdA + β1 WdP1 + · · · + βM −1 Wd M −1 + γ1,

(2.78)

with α, β1 , . . . , βM −1 and γ as scalars, we have
P
vs⊤ (αWA + β1 W1P + · · · + βM −1 WM
−1 + γ1)
P

= αUdA + β1 UdP1 + · · · + βM −1 Ud M −1 + γ = 0.

(2.79)

When ∆ approaches zero, the transmit power of the AoC and PoC is continuous. Therefore,
UdA and UdPk approach U A and UkP , ∀k ∈ {1, 2, . . . , M − 1}, respectively, i.e.,
P
αU A + β1 U1P + · · · + βM −1 UM
−1 + γ = 0.

(2.80)

Furthermore, when there are M +1 players in the game, similarly, we define the conditional probability for the AoC and PoC to transmit at the power of pA (loA + k∆) and pPi (loP + k∆) in current round
]⊤
[
[ A A
]⊤
Pi
Pi
Pi
Pi
A
=
s
as sA
,
s
,
.
.
.
,
s
and
s
=
s
,
s
,
.
.
.
,
s
, ∀i ∈ {1, 2, . . . , M },
1k 2k
k
k
1k 2k
nM +1 k
nM +1 k
∀k ∈ {1, 2, . . . , n}, based on all the conditions in the previous round, respectively.
[
]⊤
We define sPM = sP1 M , sP2 M , . . . , sPnM . According to the definitions when there are M
players in the game, the transition matrix Hd and stationary vector vs of the Markov chain are
Hd = Ht ⊗ sPM and
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(2.81)

vs Ht = vs ,

(2.82)

where ⊗ is the Kronecker product. We define H′d = Hd − I, thus vs H′d = 0. According to the
Cramer’s rule, Adj(H′d )H′d = det(H′d )I = 0, every row of Adj(H′d ) is proportional to vs . We
choose the first row of Adj(H′d ) to replace vs .
Furthermore, we define a vector,
[
]⊤
f = [f1 , f2 , . . . , fnM +1 ]⊤ = f1′ , f2′ , . . . , fn′ ,

(2.83)

[
]
n
∑
where fk′ = f(k−1)nM +1 , f(k−1)nM +2 , . . . , f(k−1)nM +nM , ∀k ∈ {1, 2 . . . , n}. As
sPk M = 1,
k=1

with some elementary determinant transformations and column operations, the dot product of any
vector f and stationary vector vs can be expressed as
(
)
vs⊤ · f = det Ht ⊗ sPM − I


 
f1′ S2 · · · SnM

.. . .
..  − 
= det  ...
.
.
.  
′
fn S2 · · · SnM


1 ··· 0
.. . .
. 
. ..  ,
.
0 · · · 1,

(2.84)

where 1 in this case is the vector with size of 1 × nM −1 , and all the elements of it is 1.
Therefore, based on the assumption that there are M players in the game, the dot product of
any vector f = [f1 , f2 , . . . , fnM +1 ]⊤ and stationary vector vs can be calculated as a determinant
where a column depends only on one player’s strategy, i.e.,
(
vs⊤ · f ≡ det f

···

)
s̄A
n ,

A
A
A
A
A
where s̄A
n = [s1 n , s2 n , . . . , sn(M ) n , sn(M ) +1 n − 1, . . . , snM +1

n

(2.85)
− 1]⊤ .

[
]⊤
Accordingly, we define the payoffs of AoC and the k th PoC as WA = w1A , w2A , . . . , wnAM +1
[
]⊤
k
, ∀k ∈ {1, 2, . . . , M }, respectively. Thus, the utilities of AoC
and WkP = w1Pk , w2Pk , . . . , wnPM
+1
and the k th PoC are UdA = vs⊤ WA and UdPk = vs⊤ WkP , ∀k ∈ {1, 2, . . . , M }, respectively. When
the AoC takes strategy s̄A
n , and
f = αWdA + β1 WdP1 + · · · + βM −1 WdPM + γ1,
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(2.86)

with α, β1 , . . . ,βM and γ as scalars, we have
P
vs⊤ (αWA + β1 W1P + · · · + βM WM
+ γ1)

= αUdA + β1 UdP1 + · · · + βM UdPM + γ = 0.

(2.87)

When ∆ approaches zero, the transmit power of the AoC and PoC is continuous. Therefore,
UdA and UdPk approach U A and UkP , ∀k ∈ {1, 2, . . . , M }, respectively, i.e.,
P + γ = 0.
αU A + β1 U1P + · · · + βM UM

(2.88)

From above, following the mathematical induction, when there are N ≥ 2 players in the
game, Lemma 2.2 is proven.
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Chapter 3

A Multi-Leader Multi-Follower Stackelberg Game for
Resource Management in LTE Unlicensed
By allowing cellular operators to offload data traffic to unlicensed spectrum, LTE in unlicensed
spectrum (LTE-U) recently has attracted significant interest due to its potential to further improve
the performance of the cellular networks [6–8]. As shown in Fig. 3.1, adopting carrier aggregation
to combine unlicensed spectrum and the licensed band for downlink transmissions, the performance
of wireless communication can be further improved and Licensed Assisted Access (LAA) is introduced in 3GPP release 13 as part of LTE Advanced Pro [9]. Currently, major telecommunication
companies including Huawei [10], Qualcomm [11,12] and Nokia [13] are actively involved in the research of LTE-U. It is commonly believed that the interference resulting from LTE-U to Wi-Fi needs
be properly managed to avoid severe performance degradation of the Wi-Fi service subscribers. For
example, the authors in [50–56] have presented detailed evaluation and simulation results to show
that the Wi-Fi service can be seriously affected when LTE cellular networks have been allowed to
operate in the unlicensed spectrum.
To address the above issue, many existing works have proposed solutions and algorithms to
ensure possible coexistence of LTE-U and Wi-Fi in the unlicensed spectrum. In [57], the authors
introduced the traffic offloading and resource sharing problems when cellular network operators are
allowed to access the unlicensed spectrum. The authors propose a hybrid method where cellular
base stations can simultaneously offload traffic to Wi-Fi networks and occupy certain number of
time slots on unlicensed bands. Practical strategies have been proposed to maximize the minimum
average per-user throughput of each small cell. In [58], the authors introduced a network architecture where small cells can share the unlicensed spectrum with the performance guarantee of Wi-Fi
systems. An almost blank subframe (ABS) scheme was employed to mitigate the co-channel interference from small cells to Wi-Fi systems, and an interference avoidance scheme was proposed
based on small cell estimation about the density of nearby Wi-Fi access points. The authors in [59]
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Figure 3.1: Service architecture in LTE unlicensed.
evaluated and compared several existing licensed and unlicensed user coexisting mechanisms. The
appropriate coexistence mechanisms, such as static muting and sensing-based adaptive, were required to achieve a balance between the performance of LTE and WLAN systems. In [60], the
authors proposed a cap-limited water-filling method for the LTE-U users to regulate the interference
to Wi-Fi users in the unlicensed spectrum. In [61], the authors proposed a novel proportional fair allocation scheme which guaranteed fairness when both LTE-U and Wi-Fi coexisted in the unlicensed
spectrum. In [62], the authors proposed a spectrum etiquette protocol to restrict the priority of LTEU and balance the unfair competition between LTE and Wi-Fi in the unlicensed spectrum. In [63],
the authors proposed an “intelligent” power allocation strategy to optimize the utility of users with
LTE-U and the social welfare simultaneously. In [64], an improved power control method was proposed for uplink transmissions, and thus both Wi-Fi and LTE are able to coexist with acceptable
interference levels. Moreover, in order to guarantee the performance of the Wi-Fi users, the strategies in cognitive radio networks can also be applied in the relations between LTE-U and Wi-Fi.
In [65], the authors modeled the cognitive users’ network access behavior as a two-dimensional
Markov decision process and proposed a modified value iteration algorithm to find the best strategy profiles for cognitive users. In [66], the authors jointly considered the spectrum sensing and
access problems as an evolutionary game, where each secondary user senses and accesses the primary channel with the probabilities learned from its history. In [67], a Dynamic Chinese Restaurant
Game was proposed to learn the uncertainties of networks and make optimal strategies. In [68], the
authors proposed a dynamic spectrum access protocol for the secondary users to deal with unknown
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behaviors of primary users. In [69], the authors investigate resource allocation problems for the uplink transmission of a spectrum-sharing-enabled femtocell network. A Stackelberg game with one
leader and multiple followers is applied where the macrocell base station, leader, sets prices to the
femtocell users, followers, to control its interference on the macrocell users. As the macrocell users
and femtocell users share the licensed spectrum, each femtocell user determines and optimizes the
transmit power on each sub-band only.
Furthermore, from the operators’ perspective, how to manage the resource allocated in both
licensed and unlicensed spectrum is a critical challenge. To minimize the interference caused by
the UEs in LTE-U, a dynamic traffic balancing algorithm over licensed and unlicensed spectrum
was proposed for Integrated Femto-Wi-Fi and Dual-Band Femtocell in [70]. It was shown that the
algorithm can improve the overall user experience in both licensed and unlicensed bands. In [71],
a flexible resource allocation scheme was proposed to improve the efficiency of resource utilization
in both licensed and unlicensed bands. By adjusting the resource on licensed and unlicensed bands
dynamically based on the utility functions, the network performance can be optimized to attain the
maximum utility. In [72], the authors jointly considered the power control and spectrum allocation
in both licensed and unlicensed bands. With the help of convex optimization methods, the spectrum efficiency was maximized in the system. In [73], the authors proposed the channel selection
strategies for LTE-U enabled cells. By adopting the distributed Q-learning mechanism for channel
selection, all LTE operators are able to coexist in an efficient way. In [74], a student-project allocation matching is applied to approach a stable matching results of channel allocation problem in the
unlicensed spectrum.
Nevertheless, most existing works of resource management problems in unlicensed spectrum
were focused on scenarios with a single cellular operator. When multiple cellular operators are
allowed to access the unlicensed spectrum at the same time, they tend to compete for the same
spectrum resources with each other. This will result in severe cross-interference among operators
sharing the unlicensed spectrum. In [10], two general ideas are put forwards to solve the problem.
One is applying the orthogonal/exclusive use of the unlicensed spectrum for each operator. The
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other is to propose dynamic schemes for shared use of unlicensed radio resources. The use of
unlicensed spectrum depends on the instantaneous/semi-static traffic load of LTE-U. However, the
first solution lacks flexibility and the second solution requires perfect central control mechanisms.
In [75], the Kalai-Smorodinsky bargaining is adopted to coordinate all operators to utilize unlicensed
spectrum. In this paper, I further extend our previous work and consider an unlicensed spectrum
sharing problem in which multiple cellular operators serve a set of user equipments (UEs) and
charge penalty prices to all UEs accessing the unlicensed spectrum according to their interference to
the Wi-Fi networks. I focus on the pricing mechanism that can be applied by the cellular operators
to manage and control the interference caused by each UE to other UEs as well as Wi-Fi users in
the unlicensed spectrum. Each UE can also optimize its performance under the pricing mechanism
of the operators.
In this section, I formulate a multi-leader multi-follower Stackelberg game to study the interactions between the cellular operators and UEs. In this game, all the operators first set their
interference penalty price on each sub-band of the unlicensed spectrum. Based on the prices set
by operators, each UE then decides its sub-bands in the unlicensed spectrum by a matching algorithm. Moreover, each UE can also optimize its transmit power to further improve its capacity
without causing intolerable interference to other UEs and Wi-Fi users. Accordingly, the operators
can predict the actions of the UEs and set the optimal prices to receive high utilities. I propose both
non-cooperative and cooperative schemes for operators to deal with the interference problem in the
unlicensed spectrum. In the non-cooperative scheme, each operator sets its prices individually without coordinating with others, and a sub-gradient algorithm is adopted to achieve the highest utility
for each operator based on the behaviors of others. In the cooperative scheme, all operators are able
to coordinate when they set prices. I optimize the relations of the prices with a linear programming
method so as to reach the highest utilities of all operators. To the best of our knowledge, this is the
first work that applies the Stackelberg game with multiple leaders and multiple followers to study
the LTE unlicensed networks. Simulation results show that the operators in both the non-cooperative
and cooperative schemes can improve their utilities without causing intolerable interferences to the
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Figure 3.2: System architecture in multi-operator multi-user scenario.
unlicensed users, based on different traffic conditions in the unlicensed spectrum.
The rest of this paper is organized as follows. I introduce the system model in Section 3.0.1,
and then formulate the problems in Section 3.0.2. Based on the formulated problem, I model the
scenario in a multi-leader multi-follower Stackelberg game and further analyze the game in Section
3.0.3 and Section 3.0.4. I present our simulation results in Section 3.0.5 and finally conclude this
paper in Section 3.0.6.

3.0.1 System Model
I consider a heterogenous cellular network system where M co-located operators serve N
UEs in an indoor environment. I assume operator i, ∀i ∈ M = {1, 2, . . . , M }, deployed Pi small
cell base stations (SCBSs). The SCBSs are co-located with Qi Wi-Fi access points (WAPs) which
are randomly distributed in the coverage area. The SCBSs are able to serve the UEs in both the
licensed and unlicensed spectrum. In the licensed spectrum, I assume all UEs operate in the same
manner as the traditional LTE networks and are able to obtain licensed resource that can support
Cjl data transmission rate, ∀j ∈ N = {1, 2, . . . , N }. If UE j is satisfied with a data transmission
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rate that is less than or equal to Cjl , it will only access the licensed spectrum. If UE j requires
a data transmission rate that is higher than Cjl , UE j will then also seek spectrum resource in the
unlicensed spectrum to further improve its Quality-of-Service (QoS). To simplify our description, I
assume the channel gains between cellular base station and UEs can be regarded as constants and
therefore Cjl can be regarded as a fixed value so that I can focus on the resource allocation in the
unlicensed spectrum.
In each sub-band of both licensed and unlicensed spectrum, I suppose there is an upper bound
of the transmit power. As the resource management mechanisms in the licensed spectrum are currently mature and well-deployed in the telecommunication network, in order to adopt LTE-U without
affecting the original resource management, I follow the current power control mechanism in the licensed spectrum first. If the UEs are not satisfied with the services in licensed spectrum, following
the power constraint in each sub-band, the power control in the unlicensed spectrum is executed.
Suppose N UEs require to also access the unlicensed spectrum. In the unlicensed spectrum, all
operators utilize a common spectrum pool with Wi-Fi access points and other unlicensed users. In
order to guarantee the performance of other unlicensed users, the transmit power of each UE cannot strongly interfere other unlicensed users in the same sub-bands or surpass the available residue
power. Furthermore, I assume that the UEs served by the SCBSs can be allocated with unlicensed
spectrum, and that each UE chooses the operator with the SCBS closest to it. I suppose there are
S sub-bands in the unlicensed spectrum. When multiple UEs are allocated with the same sub-band
in the unlicensed spectrum, the UEs may cause severe interference among each other. Accordingly,
I follow the same setting as our previous works [75] and consider the dynamic spectrum access
systems with multiple operators. I assume all the operators can share the unlicensed spectrum with
Wi-Fi networks. Each operator can access any sub-band that is occupied or unoccupied by Wi-Fi
users in the spectrum pool. However, each sub-band can only be accessed by one operator at each
time. For the UEs served by the same operator in the LTE-U, the LTE standard is applied in the
unlicensed spectrum. Thus, Orthogonal Frequency Division Multiple Access (OFDMA) is adopted
to avoid the cross-interference. For the UEs that are served by different operators, I suppose that
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Frequency Division Multiple Access (FDMA) is applied [10].
As shown in Fig. 5.1, in the unlicensed spectrum, following the settings in [76, 77, 79], before
the data transmission between each UE and its serving SCBS, in the control channels, the operators
are able to broadcast the prices that it would charge in the unlicensed spectrum to all the UEs
because of the interference to the Wi-Fi users. Based on the prices set by all the operators, UE j,
where j ∈ N , determines its desired transmit power in the sub-band s, ∀s ∈ S = {1, 2, . . . , S},
which is denoted as pj,s .
When UE j is served by the operator i in the sub-band s, ∀s ∈ S, of the unlicensed spectrum,
I define the spectrum efficiency of UE j as
(
Rj,s = log2 1 +

pj,s gj
Zj,s

)
,

(3.1)

where gj is the channel gain from the serving SCBS to UE j, Zj,s is the total interference measured
by UE j in the sub-band s. Receiving the training data, the serving SCBS are able to feedback the
estimated channel response gj and interference Zj,s to UEs for decisions [80].
Accordingly, I suppose Bu as the size of each sub-band in the unlicensed spectrum. If UE j,
∀j ∈ N , is served in both the licensed and unlicensed spectrum, the utility of UE j can be shown as

Uj =

Cjl

+

S
∑

(
λj,s

γj Bu Rj,s −

s=1

Qi
M ∑
∑

)
ri hik j pj,s ,

(3.2)

i=1 k=1

where γj Bu Rj,s is the profit that UE j receives from the services in the sub-band s, ∀s ∈ S, of the
unlicensed spectrum. γj is the revenue that UE j gains for unit data rate transmitted. ri is the penalty
price for unit watt of the operator i in the unlicensed spectrum, hik j is the channel gain from the k th
WAP of the operator i to UE j, and pj,s is the transmit power of UE j in the sub-band s, ∀s ∈ S, of
the unlicensed spectrum. As the data transmission in the unlicensed spectrum causes interference to
the WAPs nearby, I set ri pj,s hik j as the interference penalty from the k th WAP of the operator i to
UE j in the sub-band s of the unlicensed spectrum, k ∈ Ki = {1, 2, . . . , Qi }, i ∈ M, ∀s ∈ S. The
WAPs of operators can forward the information to the core communication network and feedback
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the estimated channel gain hik j to UEs for decisions. λj,s is a binary number determining whether
or not the sub-band s is allocated to UE j.
Accordingly, the utility of operator i is defined as the revenues received from all WAPs of the
operator to all the UEs in the unlicensed spectrum, i.e., ∀i ∈ M,

W i = ri

N
S ∑
∑

(
λj,s pj,s

s=1 j=1

Qi
∑

)
hik j .

(3.3)

k=1

3.0.2 Problem Formulation
In a cellular network system with multiple operators and UEs, it is possible that not every
operator is always interested to coordinate with others. I therefore consider two specific scenarios:
all the operators can either non-cooperate with each other or can fully coordinate with each other by
forming as a group. When some operators are cooperated and some non-cooperated, I can combine
the above two situations and solve the problem.
When the operators are not coordinated with each other, they can make decisions in a distributed manner, i.e., operator i is supposed to set its price ri of the interference penalty to all UEs
served on all sub-bands in the unlicensed spectrum. Not only should it predict the reactions of all the
UEs, but it also needs to consider the behaviors of the other operators in order to receive satisfying
revenues. Therefore, the optimization problem for the operator i is,
max Wi (ri | r∗−i , p∗ ),
∀i ∈ M,
ri
 ∗
 r > 0,
p∗ > 0, ∀j ∈ N , ∀s ∈ S,
s.t.
 j,s
p∗j,s < pmax
∀j ∈ N , ∀s ∈ S,
j,s ,

(3.4)

where r∗−i is the set of the optimal pricing strategies of all the other operators except the operator i
∗ ] is the set of the optimal pricing
on all sub-bands of the unlicensed spectrum. r∗ = [r1∗ , r2∗ , . . . , rM

strategies of all operators. 0 = [0, 0, . . . , 0] is the set with M elements, each of which is zero.
p∗ = [p∗1 , p∗2 , . . . , p∗N ] is the set of the optimal transmit powers of all UEs on all sub-bands of the
unlicensed spectrum. In order to manage the interference to ensure the service of unlicensed users
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nearby, the operators should control the transmit power of each UE. I define pmax
j,s as the maximum
transmit power of UE j in the sub-band s of the unlicensed spectrum, ∀j ∈ N , ∀s ∈ S.
Furthermore, when all operators are able to cooperate with each other, all operators aim to
achieve the maximum total utility. Accordingly, before setting prices of interference for all UEs in
the unlicensed spectrum, the operators are only required to predict the transmit power of all UEs so
as to achieve high utilities. The optimization problem for all operators is formulated as

max
r

M
∑

Wi (r),

i=1


 r > 0,
p∗ > 0, ∀j ∈ N , ∀s ∈ S,
s.t.
 j,s
∀j ∈ N , ∀s ∈ S,
p∗j,s < pmax
j,s ,

(3.5)

According to the optimal prices set by all operators r∗ , UE j determines the transmit power
strategy in each sub-band of the unlicensed spectrum pj,s . Accordingly, the optimization problem
for UE j satisfies,
max




s.t.



pj,s ,λj

Uj (pj,s | r∗ , λ−j ),
pj,s > 0,
pj,s < pmax
j,s ,

∀j ∈ N , ∀s ∈ S,
(3.6)

λj,s Bu Rj,s ≥ λj,s

Qi
M ∑
∑

ri hik j pj,s ,

i=1 k=1

where λj = [λj,1 , . . . , λj,S ] is the sub-band allocation result for UE j, λ−j is the sub-band allocation
results for all other UEs except UE j. The received revenue of UE j, i.e., Bu Rj , in the serving subband should be no less than the interference penalty the UE pays to all operators

Qi
M ∑
∑

ri hik j pj,s .

i=1 k=1

As the UEs are unable to acknowledge the information of Wi-Fi users, I let the operators to set prices
to restrict the transmit power of UEs. When the price imposed by each operator is high, no UE can
afford the prices and therefore no UE will access the service provided by each operator. Therefore,
in the formulated problem of operators, I set the power constraint for all UEs to guarantee the basic
data transmission of Wi-Fi users.
Based on the above formulations, all operators and UEs are autonomous decision makers who
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would like to maximize their own utilities in a selfish manner. In order to analyze the problem
of resource allocations in the unlicensed spectrum, I model the scenario as a multi-leader multifollower Stackelberg game, where all operators are leaders and all UEs are followers. In the game,
each operator first sets its penalty price of interference in the unlicensed spectrum. Based on the
prices set by all operators, each UE determines its optimal transmit power. In the following sections,
backward induction is adopted to analyze the problems. I first discuss the strategy of each UE,
given the penalty price of interference set by all operators. Then, with the prediction of the optimal
behaviors of each UE, I design a sub-band allocation scheme with matching theory and propose
the corresponding non-cooperative or cooperative strategies for operators to achieve the maximum
utilities.

3.0.3 Game Analysis of UEs as Followers
Observing the prices set by operators, the UEs are supposed to adopt strategies for optimal
utilities. In this section, I first analyze the optimal power transmission strategies for the UEs. Based
on the optimal transmit power on each sub-bands of the unlicensed spectrum, I then design a subband allocation scheme with matching theory for high utilities.

3.0.3.1 Strategies of Power Transmission for UEs
In the formulated multi-leader multi-follower Stackelberg game, all UEs act as followers.
In order to receive high revenues from the services and reduce the interference penalty to other
operators, based on the prices set by operators i, ∀i ∈ M, UE j optimizes its transmit power pj,s in
the sub-band s of the unlicensed spectrum, ∀j ∈ N , ∀s ∈ S. The optimal transmit power for each
UE is relative to the prices set by all operators, as shown in Lemma 3.1.
Lemma 3.1. If UE j is served by the operator i in the unlicensed spectrum, ∀i ∈ M, ∀j ∈ N , the
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optimal transmit power to UE j on the sub-band is


+


Bu
1 


pj,s ∗ = 
−
 ,
Qi
M ∑
qj,s 
∑
hik j ri

(3.7)

i=1 k=1

where
(x)+ = max {x, 0} ,

(3.8)

and
qj,s =

gj
.
Zj,s

(3.9)

In (3.7), as the channel gain gj,s is related with the distance between UE j and its serving
SCBS, and the channel gain hik j is related with the distance between the k th WAP of the operator
i and UE j, I discover that when the distance between UE j and its serving SCBS increases, the
channel gain gj,s decreases. Thus the optimal transmit power pj,s in the sub-band s decreases.
When the distances between the UE j and the k th WAP of the operator i increases, the value of
channel gain hik j decreases. Thus the optimal transmit power pj,s in the sub-band s increases.
Proof. When UE j is allocated with the unlicensed spectrum, the utility function of UE j is
continuous. I take the second derivative of Uj with respect to pj,s , i.e., ∀s ∈ S,
2
Bu qj,s
∂ 2 Uj
=
−
.
∂pj,s 2
(1 + pj,s qj,s )2

(3.10)

The second derivative of Uj with respect to pj,s is negative, so Uj is quasi-concave in pj,s . Accordingly, when the first derivative of Uj with respect to pj,s is equal to zero, i.e., ∀s ∈ S,
∑∑
∂Uj
Bu qj,s
=
−
hik j ri = 0,
∂pj,s
1 + pj,s qj,s
M

Qi

(3.11)

i=1 k=1

the utility function of UE j achieves the maximum value, where the transmit power from the operator
i to UE j in the sub-band s, ∀s ∈ S, of the unlicensed spectrum satisfies
pj,s =

Bu
Qi
M ∑
∑

hik j ri

i=1 k=1
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−

1
.
qj,s

(3.12)

Furthermore, the transmit power pj,s follows the constraint pj,s ∈ [0, pmax
j,s ]. On one hand,
according to the properties of quasi-concave function, if the value of (3.12) is negative, the optimal
solution in the feasible region is pj,s ∗ = 0, namely, there are many other UEs and unlicensed users
transmitting information on the sub-band s of the unlicensed spectrum. Thus, the transmit power
on the sub-band is zero because of the high interference penalty. On the other hand, each UE is
unaware of the interference it will cause to other unlicensed users when it accesses each sub-band.
For UE j, if pj,s is larger than the maximum transmit power constraint pmax
j,s in the sub-band s of
the unlicensed spectrum, the UE j will cause severe interference to all other unlicensed users in the
sub-band. In order to ensure the performance of other unlicensed users, I suppose the transmit power
for each UE in the unlicensed spectrum can be predicted and controlled by the operators, which will
be illustrated in the following sections.
Correspondingly, when UE j is served in the sub-band s, ∀s ∈ S, of the unlicensed spectrum,
the maximum utility of UE j in the sub-band, if p∗j,s = 0, follows
uj,s = 0,

(3.13)

where uj,s is the utility of UE j in the sub-band s of the unlicensed spectrum, ∀j ∈ N , ∀s ∈ S. If
pj,s ∗ > 0, I have

uj,s





qj,s


= Bu log2 
 − Bu +
Q
M
 ∑ ∑i

hik j ri

Qi
M ∑
∑

hik j ri

i=1 k=1

qj,s

,

(3.14)

i=1 k=1

where the optimal utility is related to the prices of operator i in the game, ∀i ∈ M. In (3.14), I take
the second derivative of uj,s with respect to ri , i.e.,
(

Qi
∑

)2

Bu
hik j
k=1
∂ 2 uj,s
=(
)2 .
∂ri 2
Qi
M ∑
∑
hik j ri

(3.15)

i=1 k=1

I discover

∂ 2 uj,s
∂ri 2

≤ 0, i.e., the optimal utility of each UE is quasi-convex with respect to the penalty

prices set by operator i, if the penalty prices of all other operators keep unchanged. Accordingly, I
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set the first derivative of uj,s with respect to ri equal to zero,
Bu

Qi
∑

Qi
∑

hik j

∂uj,s
k=1
=−
+
Q
M
∂ri
∑ ∑i
hik j ri

hik j

k=1

qj,s

.

(3.16)

i=1 k=1

Thus,
Qi
M ∑
∑

hik j ri = Bu qj,s .

(3.17)

i=1 k=1

Based on the above, when the price of operator i increases and the prices of all the other operators
keep unchanged, the utility of UE j firstly decreases. When the increasing price satisfies (3.17), the
utility of UE j stops decreasing and starts to increase as the price continuously increases.

3.0.3.2 Sub-Band Allocation Scheme
During the services, as each UE prefers to be allocated with the sub-band for high utility, I
construct a preference list for UE j based on the utility uj,s in each sub-band s, such as
P LU E (j, s) = uj,s .

(3.18)

Considering the optimal transmit power strategies of all UEs, I take the second derivative of
uj,s with respect to Zj,s , i.e.,
∂ 2 uj,s
Bu
=
,
∂Zj,s 2
(Zj,s )2

(3.19)

which is larger than zero, i.e., the uj,s is quasi-convex function with respect to Zj,s . Accordingly, I
set the first derivative of uj,s with respect to Zj,s equal to zero, such as,
Qi
M ∑
∑

∂uj,s
Bu
=−
+
∂Zj,s
Zj,s

hik j ri

i=1 k=1

gj

= 0.

(3.20)

Thus
∗
Zj,s
=

Bu gj
.
Qi
M ∑
∑
hik j ri
i=1 k=1
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(3.21)

∗ , with Z
When Zj,s is less than Zj,s
j,s increasing, the utility uj,s decreases. When Zj,s surpasses
∗ , the utility u
Zj,s
j,s starts increasing. Moreover, according to the constraint pj,s > 0, I have
∗
Zj,s
<

Bu gj
.
Qi
M ∑
∑
hik j ri

(3.22)

i=1 k=1

Therefore, with Zj,s increasing, the utility uj,s monotonously decreases in the available region.
Accordingly, UE j prefers to be served in the sub-band s with low interference from other unlicensed
users Zj,s .
Moreover, I construct a preference list for sub-band s based on the total revenue the operators
receive from the sub-band s, which is denoted as ws , ∀s ∈ S,
P LSB (s, j) = ws .

(3.23)

Based on the predictions of all UEs’ optimal strategies, the ws can be expressed as

ws =




Zj,s 
Bu


ri λj,s hik j 
−
.
Qi
M ∑
gj 
∑
j=1 k=1
hlk j rl

Qi
N ∑
N ∑
∑
i=1

(3.24)

l=1 k=1

I take the first derivative of ws with respective to Zj,s and discover that the value of ws is monotonously
decreasing when Zj,s increases. Therefore, each sub-band s prefers to be allocated to the UE with
small interference.
Based on the preference lists from both UEs and sub-bands, I design a Gale-Shapley algorithm
[81] for sub-band allocation, which is shown in Algorithm 3.1. In Algorithm 3.1, each UE first
propose to its desired sub-bands based on its preference list. According to the proposal from all
UEs, if more than one UE chooses the same sub-band, the sub-band keeps the most preferred UE
based on its preference list and reject all the rest. The rejected UEs then continue to propose to its
preferred sub-bands based on the rest of its preference list. The circulation continues until each UE
is either allocated with sub-bands in the unlicensed spectrum, or rejected by all the sub-bands on
their preference lists. The UE which is rejected by all the sub-bands on their preference lists will be
allocated with licensed spectrum for services.
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Algorithm 3.1 Gale-Shapley Algorithm for Sub-Band Allocation.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

for UE j do
Construct the preference list of sub-bands P LU E based on the value of Zj,s ;
end for
for Sub-band s do
Construct the preference list of UEs P LSB based on the value of Zj,s ;
end for
while the system is unmatched do
UEs propose to sub-bands;
for Unmatched UE j do
Propose to first sub-band cj in its preference list;
Remove cj from the preference list;
end for
Sub-bands make decisions;
for Sub-band s do
if 1 or more than 1 UE propose to the sub-band then
The sub-band s chooses the most preferred UE and rejects the rest;
end if
end for
end while

Lemma 3.2. Following the Algorithm 3.1, the Gale-Shapley algorithm will ultimately converge and
achieve a stable matching result.

Proof. The detailed proof can be seen in [81, 82].

3.0.4 Game Analysis of Operators as Leaders
Based on the predictions of the UEs’ behaviors and the sub-band allocation results, I first
consider that all operators are noncooperative with each other. Each operator is required to consider
the behaviors of other operators and determine its optimal strategy. Furthermore, I propose a cooperative scheme where all operators make decisions in a coordinated way so as to achieve high utility
of all operators.
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3.0.4.1 Noncooperative Strategies for Operators
In the unlicensed spectrum, based on the predictions of all UEs’ optimal strategies, the utility
function of operator i, ∀i ∈ M, satisfies

Wi =




Bu
1 


λj,s ri hik j 
−
.
Q
M
i
qj,s 
∑ ∑
s=1 j=1 k=1
hlk j rl

Qi
S ∑
N ∑
∑

(3.25)

l=1 k=1

Accordingly, each operator is required to determine its prices on the unlicensed spectrum for
satisfactory utilities. I take the second derivative of operator i’s utility function,
Qi
S ∑
N ∑
∑
∂ 2 Wi
=−
2λj,s bj hik j Aj < 0,
∂ri2
s=1 j=1

(3.26)

k=1

where
Bu
Aj =

Qi
∑
k=1

(

M
∑

hik j

Qi
∑

l=1,l̸=i k=1
Qi
M ∑
∑

h l k j rl

)3

.

(3.27)

hlk j rl

l=1 k=1

As the second derivative of Wi with respective to ri is negative, Wi is a concave function.
For better analysis of the problem, without loss of generality, there are two operators and two
UEs in the unlicensed spectrum. With different prices set by both operators, the utilities of both
operators are shown in Fig. 3.3 and Fig. 3.4, respectively.
In both figures, the x axis denotes the price set by operator 1, and the y axis is the price set by
operator 2. In Fig. 3.3, z axis refers to the utility of operator 1. In Fig. 3.4, z axis refers to the utility
of operator 2. I observe that when the prices of one operator is fixed, the utility of the other operator
is a concave function of its price.
Moreover, the transmit power is constrained with pj,s ∈ [0, pmax
j,s ], ∀j ∈ N , ∀s ∈ S. Thus, on
one hand, if the prices are set too high, no UE can afford the high payment. The optimal transmit
power of each UE calculated from (7) is pj,s = 0. In this case, operators cannot get any revenue.
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Figure 3.3: The utility of operator 1 vs. the prices set by all operators.
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Figure 3.4: The utility of operator 2 vs. the prices set by all operators.
On the other hand, if the prices are set too low, in order to avoid interference with Wi-Fi users, the
highest transmit power cannot surpass pmax
j,s , resulting in low revenue for each operator. Accordingly,
the price of each operator has upper and lower bounds, satisfying,

pj,s =

Bu
Qi
M ∑
∑

hik j ri

−

[
]
1
∈ 0, pmax
,
j,s
qj,s

∀j ∈ N , ∀s ∈ S.

(3.28)

i=1 k=1

Accordingly, I consider the linear combination of prices set by all operators as

R=

Qi
M ∑
∑
i=1 k=1
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hik j ri .

(3.29)

Based on the constraints of all UEs’ transmit power, for operator i, ∀i ∈ M, the prediction of prices
set by all other operators in the sub-band s of the unlicensed spectrum follows the constraint,
[

]
Bu qj,s
R ∈ max
, Bu qj,s .
pj,s qj,s + 1

(3.30)

Therefore, in order to achieve a Nash Equilibrium solution of the problem, based on the subband allocation results, I adopt the sub-gradient method for the pricing strategies of operators. The
method is shown in Algorithm 3.2. In the Algorithm 3.2, all operators start with a high price, where
no UEs would like to be served in the unlicensed spectrum. Then in each round of the circulation,
for operator i, ∀i ∈ M, I set a small step ∆ and changes its current prices ri with ∆ higher or lower
than the original price. If the utility is the highest when the price increases with ∆, in the next round,
the price changes to be ri + ∆. If the utility is the highest when the price decreases with ∆, in the
next round, the price changes to be ri − ∆. Otherwise, the price remains unchanged. the circulation
continuous until all operators can not deviate from their current price unilaterally for higher utilities.
Algorithm 3.2 Strategy of operators in LTE-U.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

Initially, each operator sets high price. Thus, the transmits power of all UEs equal 0.
while At least one operator adjusts its price do
for UE j do
Based on the price set by all operators and the sub-band allocation results, each UE
determines the optimal transmit power in unlicensed spectrum.
end for
for operator i do
Each operator stores the current value of the service prices, rold = r.
Each operator tries to increase and decrease its price with a small step ∆ = ∆ × 0.99,
and calculates its own payoff based on the prediction of the followers’ optimal strategies.
B q
if R(rold − ∆) < pmaxuqjj+1 then
j
The Wi-Fi users is interfered. Wi = − inf.
end if
if Wi (roldi , rold−i ) ≤ Wi (roldi + ∆, rold−i ) and Wi (roldi − ∆, rold−i ) ≤ Wi (roldi +
∆, rold−i ) then
ri = min{rimax , roldi + ∆}; % Increase the price
else
if Ui (roldi , rold−i ) ≤ Ui (roldi − ∆, rold−i )and Wi (roldi + ∆, rold−i ) ≤ Wi (roldi −
∆, rold−i ) then
ri = max{0, roldi − ∆}; % Reduce the price
else
ri = roldi ; % Keep the price unchanged
end if
end if
end for
end while
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Lemma 3.3. When the starting price and the original step size ∆ are fixed, the game can always
converge to a unique outcome, which is also the Nash equilibrium of the game.

Proof. The convergence of the sub-gradient algorithm has been proved in [83] and [84].
According to [83] and [84], the sub-gradient algorithm is able to achieve an optimal solution with
small ranges in convex optimization. Therefore, with given moving step size, each operator is unable
to unilaterally adjust its price in order to receive higher utility when the sub-gradient algorithm
converges to an optimal solution.
Furthermore, when the starting price and the original ∆ are fixed, the results in the second
iteration are fixed. According to the mathematical induction, I suppose that at the Qth iteration, the
prices of operators are fixed. Then in the (Q + 1)th iteration, according to the proposed sub-gradient
strategy, the step size is fixed, and the direction from the current iteration to the next iteration is
unique. Therefore, the prices of operators in the (Q + 1)th iteration are also fixed. Therefore, based
on the above, the game can converge to a unique outcome, when the starting price and the original
∆ are fixed.

3.0.4.2 Cooperative strategies for operators
Nevertheless, in order to make full use of wireless resources and achieve high revenues, some
wireless operators may cooperate with each other in the unlicensed spectrum. In this subsection, I
analyze the behaviors of operators when they cooperate and optimize the weighted utilities of all
operators, such as,
W all =

M
∑

Wi .

(3.31)

i=1

According to the strategies of all UEs, when all operators set different prices for interference,
the transmit power of UEs may be different. However, in order to avoid the interference to nearby
[
]
unlicensed users, the transmit power of each UE ith is constrained as pj,s ∈ 0, pmax
. Therefore,
j
if the transmit power of all UEs is maintained in a feasible region, the prices of all operators r =
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[r1 , r2 , . . . , rM ] should satisfy
Qi
M ∑
∑

hik j ri ≤ Bu qj,s ,

∀j ∈ N , ∀s ∈ S and

(3.32)

i=1 k=1
Qi
M ∑
∑

hik j ri ≥

i=1 k=1

Bu qj,s
,
pmax
j,s qj,s + 1

∀j ∈ N , ∀s ∈ S.

(3.33)

Take an example of two operators in the game. I suppose there are two sub-bands in the
unlicensed spectrum, which are allocated to two UEs. As shown in Fig. 3.5, x axis shows the prices
set by the operator 1, r1 , y axis shows the price set by the operator 2, r2 . Correspondingly, according
to (3.32) the upper bound of prices for UEs 1 and 2 are line segments AB and CD, respectively. The
lower bound of prices for UEs 1 and 2 are line segments EF and GH, respectively. When both
operators set prices higher than the upper bound, the UE cannot afford the interference penalty and
the transmit power is zero. Therefore, in the region above CJ and JB, there are no UE served in the
unlicensed spectrum. In the region BDJ, only UE 1 is served in the unlicensed spectrum. In the
region ACJ, only UE 2 is served in the unlicensed spectrum. In the region AJDHIE, both UEs are
served in the unlicensed spectrum. Furthermore, in order to avoid interference to Wi-Fi users in the
unlicensed spectrum, the transmit power of all users should satisfy
Qi
M ∑
∑

{
hik j ri ≥ max

i=1 k=1

Bu qj,s
, ∀j ∈ N , ∀s ∈ S
pmax
j,s qj,s + 1

}
,

(3.34)

namely, in the example, the feasible region of the prices should be above EI and IH.
As all operators cooperate with each other, I assume that the prices set by all operators satisfy
ri = θ i r1 ,

∀i ∈ {2, 3, . . . , M }.

(3.35)

Substitute (3.35) into (3.25), I have


Qi
∑



hik j
N Bu
 ∑



k=1
Wi =
λj,s θi
−
r
K
i i,s ,
Qi
M ∑


∑
s=1
j=1
hlk j θl
S
∑

l=1 k=1
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(3.36)
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Figure 3.5: The feasible region of the game.
where

Ki,s =

N
∑
j=1

Qi
∑

hik j

k=1

qj,s

.

(3.37)

Accordingly, the total utility of operators can be derived as

W

all

=

Qi
∑

hik j
N Bu
 ∑



k=1
λj,s θi
−
K
r
.
i,s
i
Q
M
l


∑ ∑
s=1
j=1
hlk j θl

S
M ∑
∑
i=1


(3.38)

l=1 k=1

It is observed that when the relations of prices are fixed, the first part of W all in (3.38) is not related
to the value of prices. Based on the expression in the second part of W all , the W all is linearly
decreasing with each ri , ∀i ∈ M. Therefore, I have the following lemma.
Lemma 3.4. The optimal solution to achieve the maximum W all lies in the boundary
Qi
M ∑
∑
i=1 k=1

{
hik j ri ≥ max

Bu qj,s
, ∀j ∈ N , ∀s ∈ S
max
pj,s qj,s + 1

}
.

(3.39)

The position of the solution in the boundary depends on the parameters Ki,s , ∀i ∈ M, ∀s ∈ S of
prices.
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Proof. When the UEs receive services in the unlicensed spectrum, in order to guarantee the performance of Wi-Fi users, the transmit power cannot be above the upper bound. Correspondingly, the
price set by operators cannot be lower than the boundary
Qi
M ∑
∑

{
hik j ri ≥ max

i=1 k=1

Bu qj,s
, ∀j ∈ N , ∀s ∈ S
max
pj,s qj,s + 1

}
.

(3.40)

Furthermore, when the prices of operator are coordinated, as the total utility of operators is linearly
decreasing when the prices increase. In order to achieve high utility of all operators, the prices of all
operators decrease, and finally stop at the lowest boundary in (3.40). With different parameter θi , the
price decreases with different tracks, thus stoping at different positions in the lowest boundary.
I would like to find an optimal Ki,s , ∀i ∈ M, ∀s ∈ S to achieve the maximum value of W all ,
given the sub-band allocation results. I set the second part of W all as G, such as,

G=

M
∑

Ki,s ri .

(3.41)

i=1

(3.41) is a hyperplane in the feasible region of prices. With G increasing from a small value, the
distance between the hyperplane and the feasible region decreases. Ultimately, the hyperplane will
∗ ) in the feasible rego through the feasible region. The first point O∗ positioned (r1∗ , r2∗ , . . . , rM

gion achieves the lowest value of G, compared with all the other points in the feasible region. In
other words, O∗ is the optimal point to achieve the maximum value of W all . Correspondingly, the
relationship of the prices follows
θi =

ri∗
.
r1∗

(3.42)

For better understanding, I show the procedure in the example of two operators. I suppose
there are two sub-bands in the unlicensed spectrum allocating to two UEs respectively. As shown in
Fig. 3.6, the hyperplane is shown as G = K1,1 r1 + K2,2 r2 . When G approaches G∗ , the hyperplane
goes through the first point O∗ in the feasible region. As the position of point O∗ is (r1∗ , r2∗ ), r1∗ and
r2∗ will be the optimal solution to achieve the maximum value of W all .
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Figure 3.6: The optimal solution when operators are cooperative.

3.0.5 Simulation Results
I evaluate the performance of the proposed cooperative and non-cooperative scheme with
MATLAB. I consider a hotspot circle area with a radius of 100 meters. In the area, there are two
operators, and each operator randomly deploy 2 SCBSs and 2 WAPs. I consider the uplink transmission and assume there are 100 UEs requesting service from the 20 sub-bands in the unlicensed
spectrum. In order to avoid causing intolerably high interference to Wi-Fi users, I set the maximum transmit power of each UE in each time to be 2 W. I consider Additive White Gaussian Noise
(AWGN) channels. Each sub-band in the unlicensed spectrum is 1 MHz, and the interference in
each sub-band of the unlicensed spectrum for each UE is set as a random number with an average
value of −20 dBm. The noise is assumed to be −30 dBm.
I first compare the performance of our proposed cooperative and non-cooperative schemes
with that of single-operator scenario, where only one operator serves UEs in the unlicensed spectrum. As most existing resource management schemes in unlicensed spectrum assume a singleoperator scenario, the comparison highlights the difference and advantages of our proposed strategies.
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Figure 3.7: The total utility of operators vs. the number of UEs.
As shown in Fig. 3.7, I analyze the total utility of operators under different number of UEs.
With the number of UEs increasing, the total utility of operators generally increases. In the proposed cooperative scheme, as the operators cooperate with each other, the total utility is the highest,
followed by the non-cooperative scheme, where each operator makes decisions to maximize its own
utility. Moreover, the total utilities in both the proposed cooperative and proposed non-cooperative
schemes are higher than the total utility when there is only one operator in the scheme. In the singleoperator cases, because of the limited number of WAPs, the total revenue received by the single
operator is also limited.
In Fig. 3.8, the total utility of UEs under different numbers of UEs is studied. When the
number of UEs increases, the total utility of UEs increases. In the proposed cooperated scheme,
because of the cooperation of operators, the service prices set by the operators are low, and each UE
is able to be served with high quality of service with low prices. Thus the total utility of UEs is the
highest. In the single operator scheme, the operator is able to set low price to all UEs, while each
UE is unable to choose the SCBSs from different base stations for better performance and lower
prices. Therefore, the total utility of UEs with single operator scheme is higher than the utility in the
proposed non-cooperative schemes, but lower than the utility in the proposed cooperative scheme.
In the proposed non-cooperative scheme, due to the competition among operators, the prices set by
operators do not reach the lower bound. Thus the UEs pay more to the operators, and the total utility
of UEs keeps the lowest.
In Fig. 3.9, I analyze the total utility of operators under different number of WAPs of each
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Figure 3.8: The total utility of UEs vs. the number of UEs.
operator. When the number of WAPs of both operators increases, for each WAP, each UE is required
to pay the interference penalty. However, in the proposed cooperative scheme and single operator
scheme, in order to avoid losing UEs because of the high interference penalty, the operators are able
to reduce the price. Thus, with the number of WAPs increasing, the total utility of operators in the
proposed cooperative scheme and single operator scheme generally does not change, while the the
total utility of operators in the proposed cooperative scheme keeps higher than the utility of operator
in the single operator scheme. Moreover, in the proposed non-cooperative scheme, because of the
competition, each operator is unable to reduce its price unilaterally to achieve higher utility. Thus,
the prices set by operators keep in high value. Therefore, the total utility of operators in the proposed
non-cooperative scheme is decreasing.
In Fig. 3.10, I investigate the total utility of UEs under different number of WAPs of each
operator. When the number of WAPs of each operator increases, for each WAP, each UE is required
to pay the interference penalty. However, in the proposed cooperative scheme and single operator
scheme, as the operators are able to reduce the price in order to avoid losing UEs because of the
high interference penalty, the total utility of UEs in the proposed cooperative scheme and single
operator scheme generally does not change, while the the total utility of UEs in the proposed cooperative scheme keeps higher than the utility of UEs in the single operator scheme. Moreover, in
the proposed non-cooperative scheme, because of the competition, each operator is unable to reduce
its price unilaterally to achieve higher utility. Thus, the prices set by operators keep in high value,
and each UE is supposed to pay higher interference penalty with the number of WAPs increasing.
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Figure 3.9: The total utility of operators vs. the number of WAPs of each operator.
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Figure 3.10: The total utility of UEs vs. the number of WAPs of each operator.
Accordingly, the total utility of UEs in the proposed non-cooperative scheme is decreasing.
In Fig. 3.11, I evaluate the total utility of operators in average with different interference from
Wi-Fi. As shown in the figure, when the interference from Wi-Fi increases, the utilities of some UEs
may decrease to zero. Therefore, with a fewer UEs using the unlicensed spectrum, the total utility
of operators decreases. Accordingly, the total utility generally decreases. Moreover, the total utility
of operators in the proposed cooperative scheme is always larger than the utility of the operators in
the proposed non-cooperative scheme and the utility of the operator in the single operator scheme,
and the total utility of operators in the non-cooperative scheme is always better than the utility of
operators in the single operator scheme.
In Fig. 3.12, I analyze the relation between the total utility of UEs with different interference
from Wi-Fi. Because of the strong interference from Wi-Fi, some UEs may receive zero utility and
refuse to be served in unlicensed spectrum. Accordingly, the utilities of UEs generally decrease.
The total utility of UEs in the proposed cooperative scheme is always larger than the utility of the
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Figure 3.11: The total utility of operators vs. the interference from Wi-Fi.
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Figure 3.12: The total utility of UEs vs. the interference from Wi-Fi.
UEs in the proposed non-cooperative scheme and the utility in the single operator scheme, and the
total utility of operators in the non-cooperative scheme is always better than the utility of operators
in the single operator scheme.
In Fig. 3.13, I discuss the relationship between the total utility of operators and the maximum
transmit power of UEs. With the maximum transmit power increasing, as operators are able to serve
UEs with a lower price, the total utility of operators generally increases. When the maximum transmit power of UEs are relatively small, In the proposed cooperative and non-cooperative scheme, as
the UE is able to choose operators with higher quality of service and lower price, the total utility of
operators in the proposed cooperative scheme and in the proposed noncooperative scheme is always
larger than the utility in the single-operator scheme. Furthermore, because of the competition of
operators, the prices set by the operators in the proposed cooperative scheme is relatively smaller
than the prices in the proposed non-cooperative scheme. Thus, the total utility of operators in the
proposed cooperative scheme keeps higher than the utility in the proposed non-cooperative scheme.

72

16
14

Total Utility of Operators

12
10
8
6
4
Proposed cooperative scheme
Proposed non-cooperative scheme

2

Single operator scheme

0
500

1000
1500
2000
2500
Maximum Transmit Power of UEs (mW)

3000

Figure 3.13: The total utilities of operators vs. the maximum transmit power of UEs.
Moreover, with the maximum transmit power increasing, the feasible region of in the Fig. 3.5 increases. When the Nash equilibrium point of the non-cooperative scheme is no longer in the boundary of the feasible regions, the total utility of operators in the proposed non-cooperative scheme
stops increasing and keeps unchanged. Therefore, when the maximum transmit power is large, with
the maximum transmit power increasing, the total utility of operators in the single operator scheme
surpass the the total utility of operators in the proposed non-cooperative scheme.
In Fig. 3.14, I analyze the relation between the total utility of UEs and the maximum transmit
power of UEs. When the maximum transmit power increases, all UEs are able to transmit in high
power, increasing the transmission rate during the service. Therefore, the total utility of all UEs
generally increases. The total utility of UEs of the proposed cooperative scheme is always larger
than that of the proposed non-cooperative scheme. Moreover, when the maximum transmit power
is small, as the UE is able to choose operators with higher quality of service and lower price, the
total utility of UEs in the proposed noncooperative scheme is larger than the utility in the single
operator scheme. However, with the maximum transmit power increasing, the feasible region of in
the Fig. 3.5 increases. When the Nash equilibrium point of the non-cooperative scheme is no longer
in the boundary of the feasible regions, the total utility of UEs in the proposed non-cooperative
scheme stops increasing and keeps unchanged. Therefore, when the maximum transmit power is
large, with the maximum transmit power increasing, the total utility of UEs in the single operator
scheme surpass the the total utility of UEs in the proposed non-cooperative scheme.
In Fig. 3.15, I evaluate the utility of operator 2 when its price decreases in both the proposed
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Figure 3.14: The total utilities of UEs vs. the maximum transmit power of UEs.
9
8

Utility of Operatior 2

7
6
5
4
3
2
Proposed cooperative scheme

1

Proposed non-cooperative scheme

0
0

10

20

30
r2

40

50

60

Figure 3.15: The utility of operator 2 vs. price of operator 2.
cooperative and non-cooperative schemes. As shown in the figure, in the proposed cooperative
scheme, as the prices of operators are linearly related, with the price of operator 2 decreasing, the
utility of operator 2 increases monotonically. Furthermore, in order to guarantee the basic data
transmission of Wi-Fi users, when the prices of all other operators keep unchanged, there is a lower
bound for the price set by operator 2. Therefore, the optimal price of operator 2 is the price in the
lowest boundary. However, in the proposed non-cooperative scheme, when the price of operator 2
decreases and the price of operator 1 remains unchanged, the utility of operator 2 first increases and
decreases. Thus, the optimal price of operator 2 is not in the lowest boundary in the non-cooperative
scheme, but in the middle of the feasible region.
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3.0.6 Conclusions
In this paper, I have studied the power control mechanism among multiple cellular operators
in the LTE-unlicensed spectrum in order to mitigate the interference management among multiple
cellular operators and the unlicensed systems. A multi-leader multi-follower Stackelberg game has
been formulated and both the proposed cooperative or non-cooperative schemes have been proposed
for operators to achieve high revenues in the LTE-unlicensed spectrum. In the non-cooperative
scheme, each operator sets price rationally and independently based on the behaviors of others, and
a sub-gradient algorithm has been adopted to achieve the highest utility. In the cooperative scheme,
I have optimized the relations of the prices with linear programming method so as to reach the
highest utilities of all operators. Simulation results have shown that the operators in both the noncooperative and cooperative schemes can significantly improve the utilities of all operators without
causing intolerable interferences to the unlicensed users, based on different network conditions in
the unlicensed spectrum.
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Chapter 4

A Hierarchical Game Combining Stackelberg Sub-Game
and Graphical Sub-Game for Power Control in Visible
Light Communication and Multi-Hop D2D Heterogeneous
Network
The increasing development of mobile data services and applications motivates high speed
data transmission in wireless communication networks. According to the Cisco Visual Networking
Index (VNI), at the end of 2014, the mobile data transmission had already achieved 2.5 exabytes
(2.5 billion GB) monthly. Moreover, it is predicted to be exponentially increased almost 9-fold by
2019 [85, 86]. However, currently, the majority of the licensed spectrum in the wireless communication networks are occupied and crowded. In order to deal with the challenges and meet the data
transmission demands, heterogeneous networks have been put forward as an effective solution. In
heterogeneous networks, when the data traffic is crowded, the traditional cellular network is able to
offload its services to other networks, thus alleviating the traffic congestion in wireless data services,
expanding the available spectrum resource to both licensed and unlicensed spectrum and improving
the spectrum reuse in the networks.
On the other hand, visible light communication (VLC), utilizing the illuminating LED for
signal transmission, offers huge unlicensed spectrum resources with high capacity. Consequently,
it has been considered to be a promising technology to collaborate with the radio frequency communication networks in the heterogenous networks [87]. Apart from that, VLC also have many
attractive features such as the ubiquity, radiation-free. However, due to the natural property of the
visible light propagation and its intensity modulation scheme, there exist severe coverage problems
when the visible light signal is blocked or interfered with strong sun-light. In this context, people
propose to combine the cellular communication networks with the VLC network. Thus, the cellular
communication network is able to control and guarantee the coverage of data transmission, while
the VLC network can provide high speed data transmission for wireless users [88].
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However, even though the cellular communication network guarantees the coverage, the spectrum and energy efficiency are poor during the services. When there are many users unable to receive
services from the VLC network, the network performance is still unacceptable. In literature, many
further studies have been done in the VLC network. In [89], the authors analyze the optimal locations of LED arrays to minimize the shaded area and maximize the area spectral efficiency in a
room. [90] discusses the LED arrangements to reduce the fluctuation of the signal-to-noise ratio
from different locations of the room. The particle swarm optimization heuristic is proposed to minimize the average outage area rate in [91]. Moreover, in [86], a new small cell layer is introduced to
the VLC and cellular heterogeneous networks. As small cells provide high data rate for the users in
the shaded or strong sun-light area, the users can be guaranteed with high quality of service (QoS).
Nevertheless, to the authors’ best knowledge, all the works above optimize the network performance in a cooperative way, while the VLC sometimes are unwilling to serve some wireless
users with low revenues. Furthermore, the VLC transmitters and small cell base station in the above
literatures are fixed and inflexible. When there are not many users in the room, the cost of facilities
is high. In this paper, we combine the VLC network with the Device-to-Device (D2D) technology
and consider some mobile users accessible to the VLC network is able to relay the transmitted data
to the nearby mobile users in the shaded or strong sun-light areas. We suppose all the mobile users
as relays (MUaRs), cellular service provider (CSP) and VLC service provider (VLCSP) are autonomous individuals and propose a hierarchical game to analyze the optimal strategies for each of
them. In the proposed game, the VLCSP firstly predict the corresponding reactions of the CSP and
all MUaRs for any of its behavior. Based on the predicted reactions, the VLCSP determines the data
transmission route and data packet size. Observing the behaviors of the VLCSP, the CSP predicts the
reactions of all MUaRs in the data transmission route and determines the prices of wireless licensed
spectrum. According to the behaviors of the VLCSP, the CSP and MUaRs in the neighborhood, all
MUaRs determines its transmission data rate for optimal utilities. Therefore, there is a graphical
game among all MUaRs. When all MUaRs consider the corresponding reactions of other MUaRs in
the neighborhood and achieve Nash Equilibrium, there are Stackelberg games between the VLCSP
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and the CSP, between the CSP and all MUaRs and between the VLCSP and all MUaRs. When the
Stackelberg Equilibriums are achieved in all the Stackelberg games, the proposed network is optimized to an equilibrium solution in a distributed fashion. Simulation results prove the correctness
of the analysis and the VLC network with multi-hop D2D relay is able to bring high profits for the
CSP.
The rest of this paper is organized in the following way. We first introduce the system model
in Section 5.1 and formulate the problems for the VLCSP, CSP, and all MUaRs in Section 5.2. According to the formulated problem, we propose a hierarchical game and further analyze the optimal
strategies for each MUaR, CSP, and VLCSP in Section 4.3.1, Section 4.3.2 and Section 4.3.3, respectively. Finally we present our simulation results in Section 5.4, and summarize our work in
Section 5.6.

4.1 System Model
We consider the indoor down-link scenario where there is one VLCSP serving M mobile users
in the coverage area (MUiCs). Moreover, we suppose there are also N mobile users in the darkness
(MUiDs), which can only receive weak signals from the CSP. As D2D technology enables direct
data transmission between nearby mobile users [92], in order to improve the QoS of the MUiDs,
we propose that some MUiCs and MUiDs in the network, denoted as MUaRs, is able to relay the
service from the VLCSP to the end MUiD with D2D technology. As shown in the Fig. 5.1, when
some MUiDs requires high QoS from the services of VLCSP, the VLCSP can firstly send the data to
the MUaRs nearby, and the MUaRs relay the data to the end MUiD. In order to avoid interference
among MUaRs, we suppose the CSP manages the wireless resource allocation. Accordingly, for the
VLC between the VLCSP and MUiC i, ∀i ∈ {1, 2, . . . , M }, we define the transmission rate Rvi as,
(
Rvi = Bvi log2

pvi gvi
1+ v
N0 + Ivi
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)
,

(4.1)
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Figure 4.1: System architecture in VLC network.
where Bvi denotes the amount of allocated visible light spectrum, pvi is the transmit power of the
VLC transmitter, gvi is the channel gain from the VLC transmitter to MUiC i, N0v is the additive
noise in the allocated visible light spectrum, and Ivi is the interference from visible lights in the same
spectrum. Correspondingly, for the D2D communication between one MUiC i, ∀i ∈ {1, 2, . . . , M },
to the MUiD j, ∀j ∈ {1, 2, . . . , N } (or between the MUiD i, ∀i ∈ {1, 2, . . . , N }, to the MUiD j,
∀j ∈ {1, 2, . . . , N }, i ̸= j), we define the transmission rate Rij as
Rij = Bij Sij ,

(4.2)

where
Sij = log2 (1 +

pij gij
).
N0

(4.3)

Sij is the spectrum efficiency from MUiC i (or MUiD i) to MUiD j. Bij is the amount of allocated
licensed spectrum. pvi is the transmit power of MUiC i (or MUiD i), which follows the power
control mechanism and is assumed to be known in this paper. gij is the channel gain from MUiC i
(or MUiD i) to MUiD j, and N0 is the additive noise.
In the multi-hop VLC network, we regard the VLC transmitter, all MUaRs and the end MUiD
as nodes in a graph. If there is data transmission from one node to another, we suppose that an edge
exists between them. When the VLC transmitter and the end MUiD is connectable, we suppose that
the data packet size is G, and that the multi-hop delay as the summation of delays of all edges from
the VLCSP to the end MUiD. By modeling the packet service system as an M/G/1 queue, the average penalty of delay hopping from MUiC i, ∀i ∈ {1, 2, . . . , M }, to MUiD j, ∀j ∈ {1, 2, . . . , N }
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(or from MUiD i, ∀i ∈ {1, 2, . . . , N }, to MUiD j, ∀j ∈ {1, 2, . . . , N }, i ̸= j) can be shown as, [93]

Dij = κ

G
,
Rij

(4.4)

where κ is the scaler indicating the penalty of unit service delay.
Furthermore, in order to motivate each relay node to transmit data in high data rate, we propose
a mechanism where each receiver j is required to pay the VLCSP with νj , such as,
(
νj = θ

)
Rkj
−1 ,
Rij

(4.5)

where Rkj is the data rate node j received from its node k. θ is the weight factor. Accordingly, when
the value of Rij is less than the value of Rkj , receiver node j needs to pay the VLC as a penalty of
low transmission rate. When the value of Rij is larger than the value of Rkj , receiver node j can be
rewarded by the VLCSP as high transmission rate. When the value of Rij equal to the value of Rkj ,
receiver node j doesn’t need to pay anything.
Based on the above, we suppose there is a K-hop data transmission route in the VLC communication network, labeled as {h1 , h2 , . . . , hK }, where hk , ∀k ∈ {1, 2, . . . , K} is regarded as a
MUaR, which can be a MUiC when k = 1 or a MUiD when k > 1. For all the MUaR nodes hk , the
utility function can be shown as

U aR
uM
= αG − βDk − rk Rk /Sk − νk ,
k

(4.6)

where rk is the setting price of wireless resource. Dk is short for the delay from MUaR k to the
next node in the data transmission route. Rk is short for the transmit data rate from MUaR k to the
next node. Sk is short for the spectrum efficiency from MUaR k to the next node. αG is the revenue
the node hk receives by relaying the data packet. βDk is the penalty of delay from MUaR k to its
down-link node hk+1 . rk Rk is the payment of wireless resources to the CSP, νk is the payment from
MUaR k to node k − 1. α and β are weight factors.
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For the CSP, as it receives wireless resource payment from all mobile users, the utility function
of the CSP can be given by
u

CSP

=

K
∑

rk Rk /Sk − ck ,

(4.7)

k=1

where ck is the total amount of available unlicensed spectrum for MUaR k.
Moreover, for the VLCSP, the utility function is the received payment from all the MUaRs in
the data transmission route minus the total penalty of transmission delay, such as,

uV LCSP =

K
∑
k=1

νk −

K
∑

Dk .

(4.8)

k=1

4.2 Problem Formulation
In the VLC network, the VLCSP first determines a route {h1 , h2 , . . . , hK } from the VLC
transmitter h1 to the end MUiD hK with the smallest transmission delay. If the VLC transmitter
and the end MUiD are not connectable, or the total delay satisfies

K
∑
k=1

1
Rk

< Tth , we assume the

connection from the VLC transmitter to the end MUiD fails, and the end MUiD is unable to be
served by the VLCSP, where Tth is the threshold of the acceptable transmission delay.
When a route {h1 , h2 , . . . , hK } is established, the VLCSP is supposed to predict the behaviors of all other individuals and determine the packet size for transmission in order to achieve the
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maximum utility, such as,
max uV LCSP (G|R∗ , r∗ ),
G
 M U aR
> 0,
 uk
uCSP > 0,
s.t.

G > 0,

(4.9)

where R∗ is the optimal data transmission strategy of all MUaRs, and r∗ is the optimal pricing
strategy of the CSP.
According to the behavior of the VLCSP, the CSP predicts the reactions of all MUaRs and
sets its wireless resource prices r to achieve a high utility. Thus, the optimization problem for the
CSP can be formulated as
max uCSP (r|R∗ , G),
r
{ ∗
R ≥ Rth ,
s.t.
r > 0,

(4.10)

where Rth is the profile of the lowest data transmission threshold for all MUaRs.
Observing the behaviors of both VLCSP and CSP, each MUaR in the route determines its
received data rate to achieve the optimal utility. For the node k in the route, ∀k ∈ {1, 2, . . . , K}, the
optimization problem can be formalized as,
U aR
(Rk |r, G, Rk−1 ),
max uM
k
Rk

(4.11)

s.t. Rk > 0,
where Rk−1 is the transmit data rate from MUaR k − 1 to MUaR k. Here R0 denotes the transmit
data rate from the VLC transmitter to MUaR 1.
Based on the above analysis, the VLCSP, the CSP, and all MUaRs are autonomous individuals
which conduct strategies to achieve the maximum utility for themselves. Accordingly, game theory
is adopted to analyze the optimal strategy for each of them [94]. In the following sections, we propose a hierarchical game, where there is a graphical game among all MUaRs in the data transmission
route and three Stakelberg games between the VLCSP and all MUaRs in the data transmission route,
between the CSP and all MUaRs in the data transmission route, and between the VLCSP and the
CSP. As shown in the Fig. 4.2, in the hierarchical game the VLCSP determines the packet size G
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first, based on the value of G, the CSP determines its price r to all MUaRs in the data transmission route. According to the price rk and the packet size G, node k, ∀k ∈ {1, 2, . . . , K} in the
data transmission route determines its transmission rate Rk . When the game finally achieve equilibrium results, there is a Nash Equilibrium (NE) among all MUaRs in the data transmission route and
Stackelberg Equilibriums (SEs) between the VLCSP and all MUaRs in the data transmission route,
between the CSP and all MUaRs in the data transmission route, and between the VLCSP and the
CSP.

4.3 Game Analysis
In this section, we analyze the optimal strategy for each VLCSP, CSP, MUaRs, respectively.
As it is a sequential game where the VLCSP acts firstly, the CSP secondly, and all MUaRs at
last, backward reduction is adopted when considering their optimal strategies. In the following subsections, we first discuss the optimal transmit data rate for each MUaRs in subsection 4.3.1, based on
the behaviors of the VLCSP, CSP and other MUaRs in its neighborhood. Predicting the behaviors of
all MUaRs, the CSP then determines its wireless resource price based on the behavior of the VLCSP
in subsection 4.3.2. According to the reactions of the CSP and all MUs, the VLCSP determines the
data transmission route and transmission packet size for optimal utilities in subsection 4.3.3.

4.3.1 Game Analysis for MUaRs
Observing the behaviors of the VLCSP and CSP, each MUaR makes decision together with
all the other MUaRs in the transmission route. According to the utility functions of the MUaRs in
(4.6), Lemma 4.1 is developed.
Lemma 4.1. In the data transmission route {1, 2, . . . , K} determined by the VLCSP, the optimal
transmit data rate for the MUaR k, ∀k ∈ {1, 2, . . . , K}, satisfies,
√
Rk ∗ =

(βG + θRk−1 ) Sk
.
rk
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(4.12)

Proof. According to the utility functions of the MUaRs in (4.6), the utility of MUaR k,
∀k ∈ {1, 2, . . . , K}, is a continuous function with its transmit data rate Rk . We take the second
U aR with respect to R , such as,
derivative of uM
k
k
U aR
∂ 2 uM
G
Rk−1
k
= −2β 3 − 2θ 3 .
2
∂Rk
Rk
Rk

As

U aR
∂ 2 uM
k
∂Rk2

(4.13)

U aR is quasi-concave with respect to R . Therefore,
< 0, the utility of MUaR k uM
k
k

U aR with respect to R is zero, the utility function of MUaR k reaches
when the first derivative of uM
k
k

the maximum value. Thus, we set
U aR
∂uM
G
rk
Rk−1
k
=β 2 −
+ θ 2 = 0,
∂Rk
Sk
Rk
Rk

(4.14)

and get the optimal value of Rk as
√
Rk ∗ =

(βG + θRk−1 ) Sk
.
rk

(4.15)

Therefore, given the data packet size G and the wireless resource price rk determined by the
VLCSP and CSP, respectively, the optimal transmission rate for each MU Rk∗ is determined by the
behaviors of the MU in its upper link in the transmission route. As all MUaRs make decisions at
the same time, each MUaR is required to predict the behaviors of its MUaR in the upper link. In
order to determine the optimal strategies, a graphical game is proposed among all MUaRs [95, 96].
In the graphical game, each MUaR is denoted as a node, if two nodes are accessible, there will be an
edge between the two nodes. In this paper, when the VLCSP determines the optimal route from the
VLC transmitter to the end MUiD, all the MUaRs in the transmission route form a graphical game.
In the proposed graphical game, each MUaR in the transmission route first determines its optimal
strategy based on different behaviors of the MUaR in the upper link. Then observing the data rate
from the VLC transmitter to the first MUaR R0 , all the MUaRs in the transmission route determines
its optimal transmit data rate correspondingly.
Lemma 4.2. In the proposed graphical game, all the MUaRs finally achieves Nash Equilibrium.
Given the value of data rate from VLC transmitter to the first MUaR, the Nash Equilibrium is unique.
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Proof. According to the definition of the Nash Equilibrium [97], when the value of data
rate from VLC transmitter to the first MUaR is given, each MUaR correspondingly determines its
unique optimal transmit data rate according to (4.12). As the function in (4.12) is quasi-concave
with respect to the transmit data rate, when all MUaRs have determined their optimal transmit data
rate, no MuaR is able to unilaterally deviate its current behavior for high utilities.

4.3.2 Game Analysis for CSP
As the CSP is able to predict the behaviors of all MUs, we substitute (4.12) into (4.7) and the
utility function of the CSP can be transformed as
uCSP =

√

(βG + θRk−1 ) Sk rk − rk ck .

(4.16)

Accordingly, when analyzing the optimal strategy for the CSP, we have the following lemma,
Lemma 4.3. In the data transmission route {1, 2, . . . , K} determined by the VLCSP, the CSP predicts the corresponding reactions of the MUaR k, ∀k ∈ {1, 2, . . . , K}, and determines its optimal
wireless resource price rk∗ , such as,
rk ∗ =

(βG + θRk−1 ) Sk
.
4c2k

(4.17)

Proof. According to the transformed utility function of the CSP in (4.21), the utility of the
CSP is a continuous function with price charged to MUaR k, ∀k ∈ {1, 2, . . . , K}. We take the
second derivative of uCSP in (4.21) with respect to rk , such as,
1
∂ 2 uCSP
=−
4
∂rk2

√
(βG + θRk−1 ) Sk
.
rk3

(4.18)

As the second derivative of uCSP with respect to rk is negative, the utility of the CSP uCSP is
quasi-concave with respect to rk . Therefore, when the first derivative of uCSP in (4.21) with respect
to rk is equal to zero, the revenue received from MUaR k reaches the maximum value. Thus, we set
√
∂uCSP
= (βG + θRk+1 ) Sk rk − rk ck = 0,
∂rk
85

(4.19)

Algorithm 4.1 The strategy of the VLCSP to determine the optimal data packet size G.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:

Initially, the VLCSP set the optimal data packet size G as 0, where no MUaR or CSP is willing
to participant in the network.
U aR ≤ 0, ∀k in the data transmission route or
while uV LCSP (Grecord ) ≤ uV LCSP (G) or uM
k
CSP
u
≤ 0 do
The VLCSP loads the data packet size on the last round, Grecord = G.
G = G + ∆.
Based on the data packet size set by the VLCSP, the CSP determines its optimal wireless
resource price r∗ .
for MUaR k do
U aR ≤ 0 then
if uM
k
The MUaR refuses to participant into the network.
else
Based on G and rk∗ , MUaR k determines its optimal transmit data rate Rk∗ .
end if
end for
end while

and get the optimal value of rk , such as
rk ∗ =

(βG + θRk−1 ) Sk
.
4c2k

(4.20)

As the optimal wireless resource price charged to MUaR k is relative to the transmit data rate
of the MUaR in the upper link, the CSP firstly determines wireless resource price of MUaR 1, given
the value of data rate from VLC transmitter to the first MUaR. Then according to the determined
price r1 , the CSP predicts the reactions of MUaR 1 and determines the wireless resource price of
MUaR 2 based on the predicted transmit data rate R1 . Correspondingly, according to the determined
price rk , ∀k ∈ {1, 2, . . . , K − 1}, the CSP predicts the reactions of MUaR k and determines the
wireless resource price of MUaR k + 1 based on the predicted transmit data rate Rk . As the wireless
resource price of each MUaR satisfies the function (4.17), the CSP achieve its optimal utility by
predicting the reactions of all MUaRs.

4.3.3 Game Analysis for VLCSP
As the VLCSP is able to predict the behaviors of all MUs and the CSP, we substitute (4.12)
and (4.17) into (4.8), and the utility function of the VLCSP can be rewritten as
∑G
G
−
,
R0
ci
K

uV LCSP = I −

i=1
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(4.21)

where the total income I satisfies
(
I=θ

) ∑
(
)
K
R0
ck−1
−1 +
−1 .
θ
c1
ck

(4.22)

k=2

As shown in (4.21), we discover that the utility of the VLCSP uV LCSP is monotonously
decreasing with the transmission data packet size G. However, in order to motivate the MUaR to
participant into the data transmission network and persuade the CSP to offload its service to the VLC
network, the VLCSP is supposed to keep the data packet size G in a high level. Accordingly, we
propose a method for the VLCSP to determine the optimal value G in the game, which is shown in
the Algorithm 4.1. In Algorithm 4.1, the VLCSP continues increasing the data packet size until all
the MUaRs in the data transmission route and the CSP is willing to participant in the heterogeneous
network.

4.4 Simulation Results
We evaluate the performance of the proposed network with MATLAB. We suppose the VLC
transmitter is allocated at (0, 0), and the end MUiD is allocated at (0, 10). As there are objects
blocking the direct transmission from the VLC transmitter to the end MUiD, without specific explanation, we randomly distribute 20 MUaRs in the circle area with the center at (0,5) and diameter
of 10. We suppose the maximum accessible distance between the MUaRs is 6 m, the maximum
number of MUaR in the data transmission route is 2, the amounts of unlicensed spectrum available
to each MUaR is set the same as 0.5 MHz, the transmit power of each MUaR is 50 mW, and the
noise is −30 dBm. The weight factors α = 10, β = 1, and θ = 1.
In order to show the VLC network with multi-hop relay is able to bring high profits for the
CSP, we compare the proposed heterogenous network with the situation that the cellular base station
serve the end MUiD directly. We suppose the cellular base station in the compared scenario apply all
the licensed spectrum allocated to all MUaRs in the proposed scheme, and the distance between the
cellular base station to the end MUiD is 100 m. As shown in Fig. 4.3, with different amount of avail-
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Figure 4.3: The number of unlicensed spectrum vs. CSP’s utility.
able unlicensed spectrum, the utility of the CSP in the proposed heterogenous network outperforms
the utility of the CSP in the scenario where the cellular base station serve the end MUiD directly.
With short distance and high data transmission rate, the VLC and multi-hop relay network is able
to provide end MUiDs with satisfying quality of service. Moreover, with the amount of available
unlicensed spectrum increasing, the total amount of purchased licensed spectrum decreases. Thus,
the utility of CSP also decreases. The decreasing speed becomes slow when the available unlicensed
spectrum is large.
In Fig. 4.4, we compare the total delay during the service with different numbers of available
MUaRs. With the number of MUaRs increasing, there might exists a data transmission route with
lower transmission delay. Accordingly, the total delay gradually decreases. Furthermore, with the
value of weight factor α increases, a small transmit packet size is able to motivate the MUaRs to do
the transmission. Therefore, the total transmission delay decreases.
In Fig. 4.5, we evaluate the transmission successful rate with different numbers of available
MUaRs in the proposed scenario. With the number of MUaR increasing, the probability to establish a data transmission generally increases. The increasing speed gradually decreases and finally
converges to 100%. Moreover, when the maximum accessible distance is large, each MUaR is more
probable to connect to the end MUiD. Thus, the convergence speed is fast.
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4.5 Conclusions
In this paper, we combine the VLC with D2D technology to help the CSP offload the data
traffic in the indoor environment. We propose a hierarchical game to analyze the optimal strategies
for the VLCSP, the CSP and all mobile users as relay (MUaRs) in a distributed way. In the game, the
VLCSP determines the data transmission route and data packet size first. Based on the behaviors of
the VLCSP, the CSP determines the prices of wireless licensed spectrum. According to the behaviors
of the VLCSP, the CSP and MUaRs in the neighborhood, all MUaRs determines its transmission
data rate. Accordingly, there is a Nash Equilibrium (NE) in the graphical game among all MUaRs.
When all MUaRs achieve NE, Stackelberg Equilibriums (SEs) can be derived in the Stackelberg
games between the VLCSP and the CSP, between the CSP and all MUaRs and between the VLCSP
and all MUaRs.
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Chapter 5

A Hierarchical Game Combining Stackelberg Sub-Game
and Matching Sub-Game for Computing Resource
Allocation in Three-Tier IoT Fog Networks
With the rapid development of Internet of things (IoT), the number of connected devices has
increased at a unprecedented speed [98]. It is known that analyzing the big data generated by all
kinds of IoT devices requires a large amount of computing resources. In order to meet the demand
of the data computing services, a large number of large-scale data centers has been deployed. In
addition, cloud computing has been proposed recently to provide flexible and efficient services to
the data service subscribers (DSSs). In cloud computing, the data service operator (DSO) is able
to organize a shared pool of configurable computing resources (such as servers, storage, networks,
applications and services), which can be easily accessed by DSSs on demands.
Generally speaking, large-scale data centers or clouds are typically built in remote areas far
from the DSSs. This results in high transmission cost, transmission congestions and service latency,
which can be intolerable for the applications that require real-time interaction or mobility. Accordingly, it is beneficial and necessary to pull the cloud closer to the users. In wireless radio access
network, the concept of mobile edge computing is developed by ETSI (European Telecommunications Standards Institute), aiming to bring computation power into mobile radio access network. In
mobile edge computing, the network edge is able to run in an isolated environment from the rest
of the network and creates access to resources in the local neighborhood [102]. Moreover, in IoT,
fog computing, put forward by Cisco, is proposed as a promising solution. In fog computing, multiple low-power computing devices, commonly referred to as the fog nodes (FNs), at the edge of
the networks are deployed to offload the data computing services from the cloud. With the property
of small-scale, low construction cost and mobility support, the FNs are generally deployed much
closer to the DSSs and therefore can provide low-latency, fast-response and location-awareness service [103]. With different purpose and preferences, the DSSs at the network edge are able to receive
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data services from the FNs in the neighborhood or from remote data centers in remote areas.
In the fog computing network, the concept of network virtualization is also applied. As the
large number of FNs and their computing resources are invisible for the DSSs, the DSSs can only
contact and purchase the data services from the DSOs. Therefore, there is a virtualized network
between DSOs and DSSs. When receiving the service requests from all DSSs, each DSO is able
to collect the computing resources from the FNs and provide virtual data services for the DSSs.
Based on the network requirements, each DSO is able to allocate different amount of computing
resources from different FNs to different DSSs. Thus, the computing resource can be efficiently and
effectively utilized by the nearby DSSs.
Fog computing networks can consist of a large number of FNs deployed by different DSOs at
different locations to provide various data services and applications to the DSSs. When DSSs can
choose their DSOs as well as the corresponding FNs to further enhance their quality-of-experience,
how to allocate the limited computing resources of all the fog nodes to the DSSs is still an open
problem. In this paper, we further extend our previous work [104] and focus on the resource selection and allocation problem between the FNs, DSOs and DSSs. We propose a joint optimization
framework for all FNs, DSOs and DSSs in a distributed fashion. In the framework, we first formulate a Stackelberg game to model the interaction between DSOs and DSSs, where the DSOs set
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their service price first, and the DSSs purchase the optimal number of computing resource blocks
(CRBs). Once the prices of DSOs and the purchased resources of DSSs have been obtained, each
DSS can know how many CRBs are required and can then try to compete for the CRBs owned by
the nearby FNs. Thus, we propose a many-to-many matching game to investigate the interaction
between DSOs and FNs where each DSO has a set of CRBs to offload, and each FN has many
vacant CRBs to sell. After all the DSOs decide their DSO-FN pairs, FNs will compete with each
other to allocate their CRBs to the DSSs of the DSOs. We also adopt another layer of many-to-many
matching framework to solve the FN-DSS pairing problem within the same DSO. Simulation results
show that our proposed framework can significantly improve the performance of the fog computing
networks.
The rest of this paper is organized as follows. We describe the system model in Section
5.1 and formulate the problems in Section 5.2. Based on the formulated problem, we analyze the
system with the proposed framework in Section 5.3, where the interaction between DSOs and DSSs
is considered in Section 5.3.1, the interaction between FNs and DSOs is analyzed in Section 5.3.2,
and the interaction between FNs and DSSs is discussed in Section 5.3.3. Finally, we evaluate the
performance of our work in Section 5.4, show related works in Section 5.5 and summarize the paper
in Section 5.6.

5.1 System Model
Consider a fog computing network where each DSS can submit its data computing service to
a set of neighboring FNs deployed by a set of DSOs as illustrated in Figure 5.1. Accordingly, we
consider a three-tier fog network, where the DSOs locate in the middle layer, managing the FNs in
the upper layer and serving DSSs in the bottom layer. Without loss of generality, we assume there are
M DSOs, labeled as Ψ = {d1 , d2 , . . . , dM } and N DSSs, denoted as Υ = {s1 , s2 , . . . , sN }. Let λj
be the workload arrival rate of DSS sj , ∀sj ∈ Υ. We assume each DSS has a normalized preference
list, denoted as Lsj over all DSOs. Moreover, K FNs, labeled as Ω = {f1 , f2 , . . . , fK }, locate in
the area of consideration. We define the unit amount of computing resources that can be distributed
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by each FN as the “computing resource block (CRB)” [104], each of which can provide computing
service at the rate of µ. The physical data transmission network between FNs and DSSs satisfies
the SecondNet topology [105], where the network facilities can provide the guaranteed quality-ofservice (QoS) for the DSSs. Accordingly, in order to reduce the risk of potential network congestion
and achieve real-time fast-response interaction, each DSO tries to offload the data services submitted
by the DSSs to the large-scale data centers to the local FNs. However, as the DSSs cannot have the
authorization to access the CRBs directly, the DSSs are required to receive the virtualized services
from the DSOs, and with the management of DSOs, the CRBs of the FNs can finally be allocated
to the DSSs. We assume that different DSOs offer data services with different requirements. Based
on the preference list Lsj , the DSS sj , ∀sj ∈ Υ is required to subscribe to at most one DSO. The
network architecture is illustrated in Fig. 5.1.
Assume the DSSs apply real-time interactive applications, where QoS is measured by the
service delay. In this paper, for DSS sj , ∀sj ∈ Υ, we measure the cost of the service delay as

tj = hj + oj ,

(5.1)

which consists of the cost incurred by the queuing delay oj at the servers as well as the cost incurred
by the network delay hj from the sensors to the physical service provider and from the physical
service provider to DSS sj . We suppose the workload of each DSS sj follows Poisson arrival
process. According to the M/G/1 queuing delay model, the mean response time for unit transmitted
data is

1
λ

µ− q j

[106, 108]. Thus, the cost of queuing delay when serving DSS sj is

j

oj =

λj
µ−

λj
qj

,

(5.2)

where qj is the number of CRBs purchased by DSS sj . Moreover, as the network delay is related
to the transmission distance, traffic condition in the network and many other unpredicted factors,
in practice, we suppose the network delay can be evaluated from training data periodically sent
from sensors to the physical service provider and from the physical service provider to the DSS. In
93

this paper, we set the distance between the farthest sensor to the physical service provider plus the
distance between the physical service provider (e.g., FN fk ) to DSS sj to be lkj . For simplicity, we
assume the network resource from the physical service provider to DSS sj is always sufficient, and
the cost incurred by the network delay hj generally follows a linear function of the distance from
the sensor to the physical service provider plus the distance from the physical service provider to
the DSS sj , i.e., hj = θlkj , where θ is a scalar.
As the DSSs in the network pay DSOs for the service, following the structure of [104], the
utility of DSS sj , ∀j ∈ Υ, can be denoted as the revenue received from the workload data minus
both the cost of service delay and payment to the DSOs, which can be expressed as

Wjs =

M
∑

τij (αj λj − βj qj ri − γj tj ) ,

(5.3)

i=1

where αj denotes the revenue that DSS sj can obtain for unit received data rate. αj λj indicates
the total revenue for receiving the data with workload rate λj . ri is the price set by DSS di for
each unit of the virtualized CRB. Thus, when the DSS sj purchases qj CRBs from the DSO di ,
the total payment from the DSS sj to the DSO di can be expressed as qj ri . βj is the weight factor
indicating the importance of payment in the utility function of DSS sj . γj is weight factor indicating
the importance of data service delay in the utility function of DSS sj . We set τij to be the boolean
variable determining whether DSO di serves DSS sj or not. If τij = 1, DSS sj is served by the
DSO di . Otherwise, DSS sj prefers to be served by the other DSO. The value of τij follows the
preference list Lsj of DSS sj , and each DSS can at most choose one DSS, i.e.,

M
∑

τij = 1, ∀j ∈ Υ.

i=1

For each DSS, we assume there is an upper bound tth for the service delay. When the service delay
is larger than the threshold, the DSS will regard it as an unsuccessful connection. Corresponding,
we set qjth as the lower bound of CRBs required for DSS sj to guarantee the service delay within
the acceptable thresholds.
Based on the number of virtualized CRB purchased by serving DSSs, the utility of each DSO
is the revenue received from the DSSs minus the payment to the facilities that are able to provide

94

the physical CRBs. Here, each DSO prefers to offload its services to the FNs nearby. However, if
there are not sufficient available CRBs from the FNs which can meet the requirements of all DSSs.
Some DSSs will be served by the remote data centers, which are located far away from the DSSs.
We suppose the increment of the energy cost in the remote data center is ei . Therefore, for the DSO
fd
di , if qik
CRBs are offloaded to the FN fk , and qio CRBs are still served by the remote data centers,

the utility function of DSO di , ∀i ∈ Ψ, can be denoted as
Wid =

N
∑

τij (ri qj ) −

j=1

where

N
∑

K
∑

fd
pk qik
− ei qio ,

(5.4)

k=1

τij (ri qj ) refers to the total revenue that DSO di receives from DSSs for its data services.

j=1

As pk is the price set by the FN fk , which is determined by the cost and current traffic of FN fk ,
K
∑
k=1

fd
pk qik
denotes the total payment from the DSO di to all FNs. ei qio is the total cost for DSO di to

serve DSSs by itself.
For FN fk in the network, the utility is the payment received from the DSOs minus the transmission cost. We set ckj as the transmission cost for each unit CRB, which has a linear relationship
f
with the distance lkj . Moreover, we set ηki
as the normalized preference to the DSO di . Accord-

ingly, considering the preference to different DSOs, the discounted utility function for each DSO
is
Wkf =

K
∑

f
fs
ηki
(pk − ckj ) qkj
,

(5.5)

k=1

where

M
∑
i=1

f
fs
ηki
pk qkj
is the expected rewards received from DSOs, and

M
∑
i=1

f
fs
ηki
ckj qkj
is the expected

costs for serving DSSs in fog computing.

5.2 Problem Formulation
According to the modeled architecture of fog network, with tradings between FNs and DSOs
and between DSOs and DSSs, it is impossible to reach the maximum utilities for all FNs, MDCOs
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Figure 5.2: A joint optimization framework.
and DSSs simultaneously. Accordingly, we consider a sequential decision making process. During
the process, the DSOs first predict the total number of CRBs purchased from their servings DSSs
and set their service prices to their DSSs based on the prediction. Observing the behaviors of the
DSOs, each DSS determines the optimal number of CRBs to purchase to achieve the maximum
utility. Furthermore, knowing the total amount of required CRBs, the DSOs try to allocate CRBs to
the FNs in the neighborhood. Finally, all FNs selected by the same DSO competes for the DSSs.
We can write the optimization problem can be formulated as
max Wjs (qj |r),
∀j ∈ Υ,
qj
 M
∑


τij = 1,




 i=1
tj ≤ tth ,
s.t.

τij αj λj ≤ τij (βj qj ri + γj tj ),




q ≥ 0,

 j
τij ∈ {0, 1}, ∀i ∈ Ψ,

(5.6)

where r is the pricing profile of all DSOs observed by DSS sj .
Predicting the behaviors of the DSSs, each DSO is required to set the service price to each
serving DSS and compete with other DSOs to choose FNs in the neighborhood. Thus, the formulated
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problem of the DSO is

∀i ∈ Ψ,
max Wid (ri |q∗ , p, r∗−i ),
ri
 N
K
fd
 ∑ τ (r q ) ≥ ∑
pk qik
+ ei qio ,
ij i j
s.t.
j=1
k=1

ri ≥ 0,

(5.7)

where q∗ denotes the optimal number of CRBs purchased by all DSSs. p is the profile of rent for
all FNs. r∗−i is the profile of optimal service prices set by other DSOs.
Moreover, each FN in the network would like to choose its preferred DSOs and serve its DSSs
with low distance. Thus, competing with other FNs, it is required to determine the number of CRBs
allocated to DSOs and its serving DSSs, respectively. The optimization problem is denoted as

max

fd fs
qik
,qkj

fd fs ∗
d∗
s∗
Wkf (qik
, qkj |q , qfi−k
, qf−kj
, p−k ),


M
∑

fd

qik
≤ qkf −th ,



i=1



N
∑

fs


qkj
≤ qkf −th ,


s.t.

j=1
K
∑


fd


qik
≤ qid−th ,



k=1


K

∑

fs

qkj
≤ qjs−th ,


∀k ∈ Ω,

(5.8)
∀i ∈ Ψ,
∀j ∈ Υ,

k=1

d
s∗
where qfi−k
is the optimal number of CRBs rent to DSO di for all other FNs, qf−kj
is the optimal

number of CRBs allocated to DSS sj for all other FNs. During the service, the total CRBs distributed
to all DSOs or all DSSs cannot exceed its total available CRBs qkf −th for FN fk . Furthermore,
the total CRBs purchased from DSO di or DSS sj should not exceed its demand qid−th or qjs−th ,
respectively.
In summary, following the relationships among all FNs, DSOs and DSSs, we focus on the
following problems:
1. Resource purchasing problem for the DSSs: In the network, as the DSSs can only access to
the DSOs in a virtualized fashion, they are required to purchase the optimal number of CRBs
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from the DSOs. Following the system model, as different DSSs have different tolerance of
service delay, when the upper bound of service delay is high, the DSSs are able to purchase
a small number of CRBs to achieve satisfying services. However, when the upper bound of
service delay is low, the DSSs have to purchase a large number of CRBs to guarantee the
service delay is within the tolerated region. Moreover, the service price set by the DSOs also
affects the utility of DSSs. When the price is in high value, even though the large number of
CRBs is able to improve the quality of data services, the DSSs have to make a large payment
to the DSOs for their services. The revenue may not be satisfying. Therefore, considering
both the delay tolerance and setting prices of DSOs, the optimal number of CRBs should be
determined for high utilities.
2. Pricing problem for the DSOs: In the data service with fog, the DSOs are required to provide
virtualized CRBs to the DSSs and try to rent the CRBs from the FNs to serve DSSs in the
physical network. Therefore, how to do the pricing for the DSOs is a problem. Considering
the announced rent from all FNs, the DSOs need to set a price which can bring profits for
themselves. However, if the price is set too high, the serving DSSs will not purchase a large
number of CRBs. Therefore, predicting the reactions of CRBs and observing the rent of FNs,
the DSOs are required to determine its service price so as to receive the maximum revenues.
3. DSO-FN pairing problem: As FNs may be private computing devices, which are small-scale
and unable to communicate with DSSs directly, the FNs are accessible to the DSOs only. In
the multi-DSO scenario, as the FNs are accessible to all DSOs, it is a problem for all DSOs in
the network to pair FNs distributedly so as to serve their DSSs with low latency. With different
relations and trading history, each FN has different preference on all DSOs. Observing the
rent of all FNs, each DSO also has a preferences on each FN. Based on the preferences of all
DSOs’ and FNs’, it is required to reach a stable DSO-FN pairing results, where any DSO or
FN is able switch its current pairing result for a higher utility.
4. FN-DSS pairing problem: After the pairing between DSOs and FNs, each FN has allocated
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its CRBs to all DSOs. However, within one DSO, it is still a problem for the FNs to allocate
their CRBs to all DSSs. As the distance between each FN and each DSS is various, with a
longer transmission distance, the FNs have to pay more on the transmission cost. Thus, based
on the transmission distance, each FN has a preference over all DSSs. Moreover, each DSS
also have preference over FNs based on the rent. Therefore, following the preference of all
FNs’ and DSSs’, a stable FN-DSS pairing result should be achieved.

According to the formulated problems, all FNs, DSOs and DSSs are rational and autonomous
individuals, who observe the behaviors of others and make decisions to improve their own utilities.
Therefore, in order to reach the optimal and stable solutions for all FNs, DSOs and DSSs, we model
a three-stage joint optimization framework, as shown in Fig. 5.2. In the framework, we first model
the Stackelberg games to solve the pricing problem for the DSOs and resource purchasing problem
for the DSSs. When the DSOs know the expected amount of resource purchased by the DSSs,
a many-to-many matching is proposed between the DSOs and the FNs to deal with the DSO-FN
pairing problem. Finally, within the same DSO, we apply another many-to-many matching between
its paired FNs and serving the DSSs to solve the FN-DSS pairing problem.

5.3 System Analysis
In this section, we analyze the optimal strategies for FNs, DSOs and DSSs. Based on the analysis of the formulated framework, in the following sub-sections, we first investigate the interactions
between the DSOs and DSSs to determine how many CRBs are required during the service. Given
the optimized behaviors of the DSOs and DSSs, we analyze the interactions between the FNs and
DSOs based on different preferences. Finally, with the obtained results, we discuss the interactions
between the FNs and DSSs within the same DSO for better services.
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5.3.1 The Interaction between DSOs and DSSs
In the virtualized network, the DSOs provides CRBs for the DSSs. Following the formulated
problems for both DSOs and DSSs, there is a Stackelberg game, where the DSOs act as leaders and
DSSs act as followers. In the game, when all DSSs choose their serving DSOs with their preferences,
the DSO first sets the service price. Then, based on the price all DSSs determine optimal number
of CRBs to purchase. Accordingly, considering the optimization problem of DSSs, we have the
following lemma.
Lemma 5.1. In the modeled Stackelberg game between DSO di and DSS sj , when the DSO announces its service price ri , the optimal number of CRBs qj purchased by the DSS is

λj
λj
qj∗ = √
+ .
βj
µ
µ ri γ j

(5.9)

Proof. According to the utility function of DSS sj 5.3, the second derivative of Wjs with
respect to qj is

∂ 2 Wjs
∂qj2
As

∂ 2 Wjs
∂qj2

=−

2λ2j µ
(µqj − λj )3

.

(5.10)

< 0, Wjs is a quasi-concave function with respect to qj . Furthermore, the first derivative

of Wjs with respect to qj is

∂Wjs
=
∂qj

(

λj
µbj − λj

)2
− ri

βj
.
γj

(5.11)

We set the first derivative equal to zero and obtain the optimal number of CRBs to purchase so as to
achieve the maximum utility, i.e,
λj
λj
qj∗ = √
+ .
β
µ
µ ri γjj
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(5.12)

Therefore, considering the reactions of the DSSs, we adjust the optimization problem for the
DSO di , ∀i ∈ Ψ, as
fid (ri |q∗ , p, r∗−i ),
max W
ri
 N
√
 ∑ τ ( λj βj r +
ij µ
γj i
s.t.
 j=1
ri ≥ 0,
where
fd =
W
i

N
∑
j=1

∀i ∈ Ψ,
λj
µ

√

√
λj
τij (
µ

βj
γ j ri )

√
βj
λj
ri +
γj
µ

K
∑

≥

k=1

fd
pk qik
+ ei qio ,

∑
βj
fd
ri ) −
pk qik
− ei qio .
γj

(5.13)

K

(5.14)

k=1

f d with respective to ri and
In the formulated problem (5.13), we take the first derivative of W
i
discover it is a monotonous increasing function with respective to ri . Furthermore, as the service
delay cannot surpass tth for the DSSs. The CRB purchased by DSSs has the following low bound

qj ≥

λj tth
.
µtth − λj

(5.15)

Thus, following the relation in (5.9), the maximum and optimal price for the DSO di to DSS sj is,
∀i ∈ Ψ, ∀j ∈ Υ,

γj
ri =
βj

(

µtth − λj
λj

)2
.

(5.16)

5.3.2 The Interaction between FNs and DSOs
According to the predicted number of CRBs ordered by the DSSs, the DSOs try to offload the
services from the massive data centers to the DSSs nearby. Observing the service prices set by all
[
]
df
df
FNs, DSO di , ∀i ∈ Ψ, has a preference list Ldf
=
L
,
.
.
.
,
L
i
i1
iK on all FNs in the neighborhood.
As the DSOs prefer to choose the FNs with a low price, we set

Ldf
ik = −pk ,

‘∀i ∈ Ψ, ∀k ∈ Ω.
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(5.17)

Furthermore, each FN also has different preferences over DSOs. Thus, we set the preference list of
[
]
FN fk , ∀k ∈ Ω, on all DSOs as Lfk d = Lf1kd , . . . , Ldf
M k , satisfying,

f
Lfikd = ηki
,

‘∀i ∈ Ψ, ∀k ∈ Ω.

(5.18)

fd
Considering the preference lists of FNs and DSOs, i.e., Ldf
ik and Lik , respectively, we design

a many-to-many matching algorithm for the DSO-FN pairing problem. As shown in Algorithm 5.1,
after the preference lists are constructed, we set a pointer for each FN in its preference list. Initially,
we set the pointer at the first DSO in the list. During the each round of matching, each FN first
propose to the DSO in the pointer of the preference list. Based on behaviors of the FNs, each DSO
chooses its most preferred FNs in its preference list until the required CRBs are all supplied by the
FNs. If the FNs supply more CRBs than the DSO requires, the DSO will reject the CRBs from
less favourite FNs. If the FNs supplies less CRBs than the DSO requires, the DSO will choose
massive data centers for the rest of the services. At the end of each round, if all of the CRBs from
the FN have been allocated to the DSOs, the pointers of the FN will keep unchanged. Otherwise,
the pointers of the rejected FNs will move to the next DSO in the preference list. In the next round,
the FNs which still have available CRBs will propose to the new DSOs according to their pointers.
Specifically, if the CRBs of FN are chosen by the DSO in the last round, but discarded in the current
round, we suppose the pointer of the FN doesn’t change its position, considering the pointed DSO
in the current round may need more CRBs from the FN. The matching repeats in circulations until
all the pointers of the FNs have moved out their preference list. According to the algorithm, we have
the following lemmas.
Lemma 5.2. For each FN in the matching algorithm, the pointer of the FN in its preference list
moves in one direction. In other words, when its pointer has moved to the next DSOs in the preference list, whatever the matching results of other FNs, the FN cannot achieve a higher utility by
moving the pointer back.
Proof. As shown in Algorithm 5.1, when the DSOs determines which FNs to choose, they
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Algorithm 5.1 Many-to-Many Matching Algorithm for DSO-FN pairing problem.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

for FN fk do
Construct the preference list Lfk d on all DSOs according to (5.18);
One pointer is set as the indicator pointing at the first DSO in the preference list.
end for
for DSO di do
Construct the preference list Ldf
i on all FNs according to (5.17);
end for
We set f lagk , ∀k ∈ Ω, as the indicator to show if the CRBs of FN fk were chosen by the DSO
in the last round, but discarded in the current round. Initially, f lagk = 1;
while the pointers of all FNs have not scanned all the DSOs in their preference list do
FNs propose to DSOs with their service price;
for FN fk who still have available FNs to purchase do
if f lagk = 1 then
The pointer keep current position in the list;
else
The pointer moves to the next position in the list;
end if
The FN proposes to pointed DSO in its preference list with its available FNs;
We set f lagk = 0;
end for
DSOs determines which FNs to choose;
for DSO di do
if The total available number of CRBs proposed by the FNs exceed the requirements
then
The DSO di chooses the most preferred number of CRBs from FNs, and rejects the
rest;
For CRBs of the FN fk which is chosen by the DSO in the last round, but rejected in
the current round, we set f lagk = 1;
end if
end for
end while

choose the CRBs from the most preferred amount. If some CRBs from FN fk is discarded by DSO
di , the current accepted CRBs belong to the FNs which is more preferred than FN fk . In the future
rounds, when there are new FNs proposing to DSO di , if the DSO would like to change its current
accepted FNs, the DSO can only choose the FNs that is even better than the FNs in the current
accepted list. Therefore, for FN fk which has been rejected once from DSO di , it is impossible for
it to be accepted by the same DSO in the future rounds.
Lemma 5.3. Following the Algorithm 5.1, the DSO-FN pairing problem will ultimately converge
and achieve a stable matching result.

Proof. As proved in the Lemma 5.2, the pointer of the FNs can only move in one direction.
Therefore, in the perspective of the FNs, when the pointer of each FN has moved to the end of the
preference list, the FN has distributed its available CRBs to the DSOs in an optimized way. In other
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words, the FN is unable to change its pairing results unilaterally for higher utilities. Furthermore,
in the perspective of the DSOs, when the pointers of all FNs have moved to the end of the preference lists, each DSO has evaluated all proposals from the available FNs. Therefore, it also cannot
unilaterally change its pairing results, get accepted by the FNs and achieve a higher utility for itself.
Furthermore, according to [107], when every agent’s preference list is substitutable, a pairwise stable matching always exists. Based on the above, the DSO-FN pairing will ultimately converge and
achieve a stable matching result in Algorithm 5.1.

5.3.3 The Interaction between FNs and DSSs
When the CRBs from FNs have been rent to all DSOs, within each DSO, how to allocate the
CRBs to all DSSs still remains a problem. According to the rent of all FNs, DSS sj , ∀j ∈ Υ, has a
[
]
sf
sf
preference list Lsf
j = Lj1 , . . . , LjK on all FNs in the neighborhood, satisfying,

Lsf
kj = −pk ,

∀j ∈ Υ, ∀k ∈ Ω.

(5.19)

Furthermore, according to the utility function of the FN, the distance between the FN and its
serving DSS affect the revenues the FN received. With a longer distance, the FN has to pay more
[
]
sf
for the data transmission in the network. Therefore, we set a preference list Lfi s = Lsf
,
.
.
.
,
L
j1
jK
for FN fk , ∀k ∈ Ω, over all DSSs, i.e.,

Lfkjs = −lkj ,

∀k ∈ Ω, ∀j ∈ Υ.

(5.20)

fs
Considering the preference lists of DSSs and FNs, i.e., Lsf
kj and Lkj , respectively, we design

a many-to-many matching algorithm for the FN-DSS pairing problem within DSO di , ∀i ∈ Ψ. As
shown in Algorithm 5.2, after the preference lists are constructed, we set a pointer for each DSS in
its preference list. Initially, we set the pointer at the first FN in the list. During the each round of
matching, each DSS first proposes to the FN in the pointer of the preference list. Based on behaviors
of the DSSs, each FN chooses its most preferred DSSs in its preference list until the maximum CRBs
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available in the DSO di are reached. If the DSSs request more CRBs than the FN can supply, the
FN will reject the less favourite DSSs. At the end of each round, if the DSSs have been allocated
all of its requested CRBs from the FNs, the pointers of the DSS will keep unchanged. Otherwise,
the pointers of the rejected DSS will move to the next FN in the preference list. In the next round,
the DSSs which require CRBs will propose to the new FNs according to their pointers. Specifically,
if some CRBs of FN are allocated to the DSS in the last round, but changed to other DSSs in the
current round, we suppose the pointer of the DSS in the next round doesn’t change its position,
considering the pointed FN in the current round may be able to supply more CRBs to the DSS. The
matching repeats in circulations until all the pointers of the DSSs have moved out their preference
list. Following Lemma 5.2 and Lemma 5.3 in a similar way, the FN-DSS pairing problem can
ultimately achieve a stable matching result.
Algorithm 5.2 Many-to-Many Matching Algorithm for FN-DSS pairing problem.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

for DSS sj do
Construct the preference list Lsf
j on all DSOs according to (5.19);
One pointer is set as the indicator pointing at the first FN in the preference list.
end for
for FN fk do
Construct the preference list Lfk s on all FNs according to (5.20);
end for
We set f lagj , ∀j ∈ Υ, as the indicator to show if the FNs allocate CRBs to the DSS sj in the
last round, but adjusted in the current round. Initially, f lagj = 1;
while the pointers of all DSSs have not scanned all the FNs in their preference list do
DSSs propose to FNs for their services;
for DSS sj which has not been allocated required CRBs do
if f lagj = 1 then
The pointer keep current position in the list;
else
The pointer moves to the next position in the list;
end if
The DSS proposes to pointed FN in its preference list for its data services;
We set f lagj = 0;
end for
Each FN determines which DSSs to choose;
for FN fk do
if The total available CRBs requested by the DSSs exceed the available volume then
The FN fk allocate the CRBs to the most preferred DSSs, and rejects the rest;
For CRBs allocated to the DSS sj in the last round, but adjusted in the current round,
we set f lagj = 1;
end if
end for
end while

Based on the above, the optimal strategy of each DSO, FN or DSS is a function with respect
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to the network information, e.g., channel state information and queue state information. When the
network information changes dynamically, based on the function of optimal strategy, each DSO, FN
or DSS is able to adjust its strategy immediately to achieve optimal utility. However, in practice,
the sensing process for network information may be performed periodically, while the time within
each period is very short and we can assume the network information as constant. Accordingly, each
DSO, FN or DSS is able to iteratively update its optimal strategy to achieve high utility based on the
observed network information within each period.

5.4 Simulation Results and Discussions
In this section, we present simulation results to evaluate our proposed framework with MATLAB. In the simulated IoT scenario, without specific explanation, there are 120 DSSs, 4 DSOs and
20 FNs allocated randomly in a circle district with a diameter of 10 kilometers. As we focus on
the IoT scenarios where DSSs are closely located with its sensors, without loss of generality for the
methods in this paper, we suppose the sensors of each DSS are located at the same position with the
DSS. We follow the settings in [108] and set the service rate of each computing resource block is
0.1 (ms)−1 . For each DSS, the workload arriving rate is a random number averaged 0.5 (ms)−1 .
The data transmission speed is 50km/ms. The delay tolerance of all DSSs is set to 60 ms. Furthermore, for each FN, we set its preference to each DSO as a random number satisfying the uniform
distribution between [0, 1]. Based on the usage of its computing resources and its service cost, we
set the announced rent as a random number satisfying the uniform distribution between (0, 10), and
the amount of available CRB as a random number satisfying uniform distribution between (0, 100).
The weight factors α, β and γ are set as 50, 0.01 and 0.001, respectively.
As shown in Fig. 5.3, we evaluate the utility of all FNs when the number of DSSs increases.
When the number of FNs is fixed, we discover with the number of DSSs increasing, the utility of all
FNs generally increases, and the increasing speed first increases then gradually decreases to zero.
The reason is that when the number of DSSs increases, but the number of FNs is fixed, the FNs will
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Figure 5.3: The utility of all FNs vs. the number of DSSs.
be able to serve more favourable DSSs with a low transmission distance. However, when all of the
available CRBs of FNs are allocated to the DSSs nearby and the number of DSS keep increasing, the
DSS will be allocated with CRBs from the massive data centers. Thus, the total utility of the FNs
stop increasing. Nevertheless, when we increase the number of FNs, we discover that with more
FNs, the utility can converge to a higher bound ultimately. Furthermore, because of the competition
between FNs, when the number of DSS is small, with more FNs, the increasing speed is smaller.
In Fig. 5.4, we consider the utility of all DSSs with the number of DSSs increasing. In the simulation, we compare the performance of the DSSs in our proposed framework with the performance
of the DSSs which is served by the massive data centers only. With the same amount of workload,
we discover that when the number of DSSs increases, the utility of DSS genrally increases, and the
utility with FNs achieve a higher value than the one without FNs. Furthermore, when the number of
DSSs is fixed and the average workload for each DSS increases, the DSSs are able to receive more
revenues from the services. Thus, the utility of DSSs increases.
In Fig. 5.5, we analyze the relation between the utility of FNs and average workload arrive
rate for DSSs. As shown in the figure, when the number of FNs is fixed and the average value of
workload λ increases, the utility of FNs first increases then gradually converge to a fixed value. The
reason is that when the workload of all DSSs increases, the FNs are able to allocate more of its
CRBs to the DSSs nearby. However, when all the available CRBs of FNs are allocated to the DSSs,
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Figure 5.5: The utility of all FNs vs. the average value of λ.
the utility of the FNs stops improving and converges to one specific value. When the number of
FNs increases, with the same value of λ, as the FNs are able to provide more CRBs to the DSSs, the
converged value is higher.
In Fig. 5.6, we observe the utility of all DSOs when the value of µ increases. As shown in
the figure, when µ increases, each DSS is able to be served with a less number of CRBs. Therefore,
the DSO is able to set a higher price to the DSSs and receive high revenues. Moreover, when the
number of DSSs increases, as the DSO is able to serve more DSSs at the same time, the total utility
of DSOs also increases.
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5.5 Related Works
In the literature, fog computing has been advocated to be the promising future of the cloud.
The concept of pulling the cloud closer to the users has been widely considered in previous work.
In [109], the authors put forward the concept of mist computing, aiming to distribute the cloud and
its benefits deeply into the network. In [110], the deployment of edge cloud was proposed. From the
DSSs’ side, the edge cloud was able to surrogate the requirements and simplify the management of
the network. From the servers’ side, the edge cloud can exploit content and support service delivery
in an efficient way. Without deploying massive data centers with high cost and latency, [111] on
the other hand strengthened the importance of small distributed data center designs. The authors
took email delivery as an example and showed the advantages of geo-diversity characteristics of
micro data centers. In [112], a novel and distributed computing platform, called nano data centers
was proposed. The authors evaluated the energy consumption of nano data centers and showed a
significant improvement on energy efficiency, compared with the traditional data centers. In [113],
the authors propose an intermediary framework where there exists an intermediary between multiple cloud providers and users. The intermediary first rents the cloud service from cloud providers
and then provides streaming processing service to users with low cost and delay. In [114], the authors propose a deduplication-based energy efficiency storage system for VM storage (EEVS) and
implement it with existing cloud platform. In the EEVS, an online-deduplication mechanism is de109

signed to decrease the redundant data without service interruptions, and a deduplication selection
algorithm is introduced to minimize the storage energy consumption with limited computing resources for deduplication. In [115], considering the existing telecommunication and Internet service
providers, the authors showed that it was required and beneficial to leverage the existing infrastructure and provide value-added services with FNs. In [116], the authors outlined the vision of fog
computing and overviewed the important features of fog computing. In [117], the network optimization with fog computing was considered. As the data centers were aware of the locations of
DSSs with fog computing, dynamic adaptation of computing resources to the DSSs’ conditions was
proposed. In [118], the authors compared the cloud computing with the fog computing and showed
some significant characteristics of fog, which was required for current data services. In [119], the
authors elaborated the role of fog computing in six important scenarios and surveyed the security
issues with fog computing.
Moreover, fog computing has been widely considered to be beneficial for the IoT. In [120], the
authors overview the opportunities and challenges of fog, especially the applications of fog computing in IoT. In [121], the authors devise the method of MEdia FOg Resource Estimation (MeFoRE),
to provide resource estimation based on the service give-up ratio and to enhance QoS based on the
previous QoE. [122] addresses the utility based pairing problem between the fog nodes and IoT
devices with the Irving’s matching algorithm. In [123], the authors propose a distributed dataflow
programming model for IoT devices to optimize resource allocation on computing infrastructures
across the fog and the cloud. In [124], the authors consider issues of resource prediction, customer
type based resource estimation and reservation, advance reservation, and pricing in the fog computing for IoTs. [125] considers the requirements of mobility, scalability, reliable control and actuation
in some challenging scenarios of IoT to show the benefits and significance of fog computing. Considering the advantages of fog computing, the authors in [126] discuss and propose a procedure to
be implemented in smart phones for UV measurement.
In order to solve the resource management problems in a network system with a distributed
fashion, game theory has been shown as a powerful tool [94]. In the literature, most of the cases,
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the network system is normally modeled as a bipartite or a multi-tier graph. Based on this model,
in [127], a Stackelberg game theoretic model was shown for dynamic bandwidth allocation between
virtual networks. In [128], the authors consider a Stackelberg game between data center and buses
in the smart city, where each buses collect data along its route and compete with other buses for
the reward forwarding to the data center. In the game, following the proposed heuristic algorithm,
the Stackelberg equilibrium is shown to be achieved where the data center and each bus are able to
reach maximum utility. In [129], the authors formulate a Stackelberg game for power allocation of
data centers in the cloud. In the game, the power grid controller acts as the leader and sets prices
of the provided energy based on the current amount of renewable energy and costs. Observing the
prices, the cloud controller, i.e., the follower, determines the optimal amount of enery to purchase
and do resource allocation for its data centers. With backward induction, the near-optimal strategies
of both players in the game can be achieved. In [130], the authors model the interaction between the
monopolistic data center opertor and the customers as a Stackelberg game. In the game, the pricing
strategies of the monopolistic data center operator the corresponding behavior of data service customers is detailedly analyzed in both homogeneous and heterogeneous customer scenarios. In [131],
the authors adopted the Stackelberg game to solve the problem of minimizing energy consumption
in the data center networks. In [132], the authors proposed a multi-leader multi-follower Stackelberg game to address and cooperation problems among Wi-Fi, small cell and macrocell networks.
In [133], the authors combined the Stackelberg game and the bargaining to design a resource allocation problem in a multi-tier LTE unlicensed network. Furthermore, the auction mechanisms are
also powerful tools to solve the problem. In [134–136], the resource management problem could
be perfectly optimized, but it requires high communication and computation overhead. In [137],
the authors adopted the generic game theoretic framework to identify important edges in the context
of k-edge connectivity between certain pairs of nodes in a general given network. In [138], the
graphical game was put forward to analyze the optimized behaviors of each node in a general graph.
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5.6 Conclusions
In this paper, we proposed a joint optimization framework in the multi-FN, multi-DSO and
multi-DSS scenario for IoT fog computing. In the framework, we first modeled the Stackelberg
games to solve the pricing problem of the DSOs and resource purchasing problem of the DSSs.
Then a many-to-many matching was proposed between the DSOs and the FNs to deal with the
DSO-FN pairing problem. Finally, we applied another many-to-many matching between its paired
FNs and serving DSSs to solve the FN-DSS pairing problem within the same DSO. For each stage
of the problem, all participants were able to achieve the equilibrium or stable results where no one
was able to change its behavior unilaterally for a higher utility. Simulation results showed that all
FNs, DSOs and DCOs were able to reach optimal utilities for themselves, and high performance of
the proposed framework could be achieved compared with the data services without fog nodes. For
the future work, firstly the dynamic computing resource allocation problem can be considered in
the three-tier IoT fog network with dynamic Stackelberg game, where each DSO is able to predict
its future demands and to rent the computing resources of FNs in advance. Secondly, the analysis
of cooperative and competitive behaviors among FNs may provide grouping strategies for FNs to
achieve higher revenues. Correspondingly, the effective strategies are required for each DSO to
prevent the severe competition for some FNs with other DSOs.
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Chapter 6

Conclusions and Future Works
This dissertation analyzes the distributive strategies for resource management in the future
HetNets. In this chapter, we conclude our works and cast lights on the directions for future works.

6.1 Conclusion Remarks
In this dissertation, in order to deal with the distributive behaviors in future HetNets, we
propose a hierarchical game framework to perform resource allocation with equilibrium and highperformance solutions. Based on different network architectures, the techniques and game modelings in this dissertation are developed as
• In the infrastructure layer of service architecture, cooperations exists to share the resources
from resource layer in wireless communication network. However, due to the limited coordination capability or cheating strategies, the cooperation may result in bad performance
for all participants. We have proposed the zero-determinant methods for the administrator
of cooperation (AoC) in a two-player discrete-strategy game, two-player continuous-strategy
game and multi-player continuous-strategy game. The objective is to maintain high and stable social welfare regardless of the strategy of the participants of cooperation (PoCs). The
proposed strategy is a potential solution that can be adopted in wireless networks with limited
coordination capability among users or cheating behaviors during the cooperation of resource
sharing.
• In order to increase the available wireless resource, unlicensed spectrum is considered among
cellular operators, we have studied the power control mechanism among multiple cellular
operators in the LTE-unlicensed spectrum in order to mitigate the interference management
among multiple cellular operators and the unlicensed systems. A multi-leader multi-follower
Stackelberg game has been proposed, where all cellular operators act as leaders and all users
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act as followers. In the game, each operator set interference penalty price rationally and
independently based on the behaviors of others, and a sub-gradient algorithm has been adopted
to achieve the highest utility. According to the announced prices of operators, each user
determines the optimal transmit power. Accordingly, there exists Nash equilibrium among
operators and Stackelberg equilibrium between operators and users.
• For resource expansion, visible light communication (VLC) is considered as another promising techniques in HetNet. We combine the visible light communication (VLC) with deviceto-device (D2D) technology to help the cellular service provider (CSP) offload the data traffic
in the indoor environment. In order to deal with the distributive behaviors, a hierarchical
game framework is proposed to analyze the optimal strategies for the VLC service provider
(VLCSP), the CSP and all mobile users as relay (MUaRs) in a distributed way. In the framework, the VLCSP determines the data transmission route and data packet size first. Based on
the behaviors of the VLCSP, the CSP determines the prices of wireless licensed spectrum. According to the behaviors of the VLCSP, the CSP and MUaRs in the neighborhood, all MUaRs
determines its data transmission rate. Accordingly, there is a Nash Equilibrium (NE) in the
graphical game among all MUaRs. When all MUaRs achieve NE, Stackelberg Equilibriums
(SEs) can be derived in the Stackelberg games between the VLCSP and the CSP, between the
CSP and all MUaRs and between the VLCSP and all MUaRs.
• We investigate the general situation when all resources and infrastructures can be flexibly
allocated, with the application of fog computing. We proposed a joint optimization framework
with multiple data service subscribers (DSSs), multiple fog nodes (FNs), and multiple data
service operators (DSOs). In the framework, we first modeled the Stackelberg games to solve
the pricing problem of the DSOs and resource purchasing problem of the DSSs. Then a
many-to-many matching was proposed between the DSOs and the FNs to deal with the DSOFN pairing problem. Finally, we applied another many-to-many matching between its paired
FNs and serving DSSs to solve the FN-DSS pairing problem within the same DSO. For each
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stage of the problem, all participants were able to achieve the equilibrium or stable results.

6.2 Future Works
6.2.1 Various Sub-games Combinations in the Hierarchical Game Framework
With all kinds of distributions and demands from mobile data services and applications, the
mobile network is becoming increasingly complicated. In order to meet all kinds of requirements
for all mobile users, the network virtualization is the current trends for resource allocation and management. Based on different relations and preferences of service providers, infrastructure providers,
resource providers and users, there are still potentials to analyze other types of sub-games among
service operators, infrastructure providers, resource providers and mobile users in the hierarchical
game framework. We list several future research directions that can be explored in wireless data
service network.

• Considerations of both Competitive and Coordinated Behaviors for service providers:
In the network, not only the competitive strategy but also some coordinated behaviors may
exist among the service providers. The coordination among service providers are able to improve the total utility, but the fairness cannot be guaranteed. In order to further improve the
total utilities of coordinated service providers, some potential coordinated algorithms can be
considered. Following the ideas in [139], the Kalai-Smorodinsky bargaining game can be designed among service providers when setting prices to mobile users. The Kalai-Smorodinsky
bargaining game is able to maintain the ratios of maximal gains when all coordinated service
providers set prices, so the fairness among service providers can be guaranteed.
• Coalition Game among infrastructure providers and resource providers: During the resource allocation between physical resource provided by the infrastructure & resource providers
and the virtualized resource requested by the mobile users, if there exists cooperations before
the matching, the utility of both infrastructure & resource providers and mobile users can be
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further improved. In [140], a combination of coalitional game and matching game is proposed. As the coalitions of infrastructure & resource providers are able to improve quality of
matching results, the total utility is proved to have significant improvement. Therefore, in the
student project matching game between infrastructure & resource providers and mobile users,
if the infrastructure & resource providers are able to cooperate and form coalitions, the mobile
users may be able to further receive higher QoS with low costs.
• Switches between infrastructure & resource providers and mobile users: As the mobile
users and infrastructure & resource providers may switch to each other, the mobile users and
infrastructure & resource providers may be regarded as the same type of players. Considering
the possible data transmission between any pair, a graphical game is a promising analytical
tool [141], where players are regarded as nodes, and the transactions between players are
denoted as edges. Accordingly, a general graph is formed where each node considers its
optimal strategies. As the graphical game design considers the flexible switches between
infrastructure & resource providers and mobile users, the total utility for each mobile user or
infrastructure & resource provider within a long time interval may be significantly improved.

6.2.2 Performing Reinforcement Learning in the Hierarchical Game Framework
In the future HetNet, due to the complicated network architecture, the analysis of distributive behaviors for each rational individual requires high computational complexity. Furthermore,
with partial information, sometimes it is hard for some rational individuals to accurately predict the
behaviors of others in the network. Accordingly, the introduction of reinforcement learning in the
hierarchical game framework tends to be a promising solution, where some simple sub-games are
analyzed first, and following the feedback provided by the equilibrium solutions of the sub-games,
each rational individual is able to learn the optimal behaviors with trials. Some promising research
directions are further listed as follows.

116

• Mapping strategies between each two layers in the service architecture: In the service
architecture where there are multiple service operators, multiple resource providers, multiple
infrastructure providers and multiple users, how to select appropriate resource providers and
infrastructure providers for the users is challenging for each service operator. Based on the
game analysis, we are able to predict the rewards for selecting each resource provider and each
infrastructure provider. Then Q-learning in reinforcement learning can be adopted to select
the optimal resource providers and infrastructure providers for high QoS for users. Moreover,
when the number of resource providers and infrastructure providers are large, deep learning
can also be adopted to evaluate the Q values for each mapping with low computation time.
• Route selection in multi-hop relay network: In the vehicle network or Internet of Everything, due to the flexible locations and requirement of users, sometimes it is beneficial to let
some devices to relay the data transmission to the end users. However, how to select and motivate the relays remains challenging. Based on the game analysis for the motivations of all
possible relay devices, reinforcement learning is able to select the optimal data transmission
route from the transmitter to the end users.
• Multi-agent reinforcement learning: Based on the above applications in the HetNet, when
there are multiple agent performing reinforcement learning at the same time, the rewards
for agent may be severely affected by the behaviors of other agents. Accordingly, static or
sequential game analysis is required during the learning process of each agent, and each agent
is required to observe and predict the behaviors of others to determine the strategies with high
profits.
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