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The proliferation of smart mobile devices has witnessed the dilemma of

the coexistence of challenges and opportunities in mobile data networks.

The fast growing mobile data traffic due to the bandwidth-hungry mobile

devices has made the mobile networks increasingly congested. Meanwhile,

the rich computing resources and the diverse sensors embedded in the

mobile devices can be efficiently leveraged for large-scale mobile sensing

data acquisitions. In this thesis, we address the dilemma by proposing a

unified crowdsourced network resource sharing framework, and address

the economic incentives issues for enabling such a framework.

In the first part of the thesis, we consider the profit maximizing crowd-

sourced spectrum sharing. The crowdsourced spectrum sharing is a promis-

ing way of addressing the spectrum scarcity problem, by crowdsourcing

to the spectrum legacy owners for the available spectrum resources. In

particular, we study how to maximize a spectrum database operator’s ex-

pected profit in sharing the crowdsourced spectrum to secondary users

with stochastic arrivals and heterogeneous spectrum requirements. By

jointly pricing and scheduling the spectrum resources crowdsourced by

the spectrum legacy owners, we show that the optimal dynamic pricing
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can improve the spectrum database operator’s profit by more than 30%

over the optimal static pricing, when secondary users’ demands are highly

elastic. Our results show that such a profit maximizing crowdsourced spec-

trum sharing can significantly increase the sharing network performance.

In the second part of the thesis, we consider the cost-efficient crowd-

sourced network resource sharing. The crowdsourced resource sharing of

mobile devices is a promising way of performing cost-efficient large-scale

mobile sensing, by crowdsourcing to the mobile devices for the embed-

ded sensors and computing resources. In particular, first, we present a

scalable mobile crowd sensing system via peer-to-peer data sharing, to al-

leviate the high operational cost and the poor scalability of the traditional

server-client mobile sensing system. In the proposed sensing system, the

sensing data is saved and processed in user devices locally, and is shared

among users in a distributed manner. To incentivize the data sharing, we

propose a data sharing market with revenue sharing to the sensing users.

The analysis shows that a significant system efficiency can be achieved by

properly choosing the revenue sharing strategies. Second, we propose a

cost-efficient three-layer data-centric mobile crowd sensing model by intro-

ducing a new data layer between sensing tasks and mobile users. Such a

data-centric mobile crowd sensing model enables different sensing tasks to

reuse the same data items, hence can effectively leverage the task similar-

ity. We first analyze the centralized optimization problem and show that

the performance gain due to data reuse can be quite significant. Then we

consider the two-sided information asymmetry of selfish task owners and

users, and propose a decentralized market mechanism for achieving the

centralized optimality. Our results show that such a cost-efficient crowd-

sourced sharing can significantly decrease the operational cost and achieve

more efficient resource utilizations.
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智能移動設備的激增見證了移動數據網絡中挑戰與機遇並存的兩難境

地。一方面，移動設備愈來愈大的帶寬需求使移動數據流量快速增長，導致

移動網絡越來越擁塞。另一方面，移動設備中豐富的計算資源和各種各樣的

嵌入式傳感器又可以用來有效地獲取大規模的移動感知數據。本論文提出一

個統一的眾包化網絡資源共享框架來解決這個兩難境地，並解決這個框架中

的經濟激勵問題。

本文第一部分考慮利潤最大眾包化網絡資源共享模型。通過眾包給有執

照的頻譜擁有者來獲取可以使用的帶寬資源，眾包化頻譜帶寬資源共享有望

解決帶寬稀缺問題。具體來講，我們研究如何最大化一個頻譜經營者的期望

利潤，通過共享頻譜資源給隨機到達的並且有不同頻譜需求的次級用戶。借

助於定價和調度眾包化的初級用戶頻譜資源，我們證明當次級用戶有足夠的

彈性需求時，最優動態定價與最優靜態定價相比能提高百分之三十的利潤。

我們的結果顯示這個利潤最大眾包化資源共享能夠顯著地提高共享網絡性

能。

本文第二部分考慮有成本效益的眾包化網絡資源共享模型。通過眾包給

移動設備來獲取傳感器和計算資源，移動設備的眾包化資源共享有望解決有
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成本效益的大規模移動感知問題。具體來講，首先，我們提出一個基於對等

數據共享的可擴展移動眾包感知系統，來解決傳統的基於服務器客戶端的感

知系統中高運營損耗和不可擴展問題。在我們提出的系統中，感知數據在用

戶本地移動設備中保存和處理，並在用戶中分布式共享。為了激勵這種數據

共享，我們提出一個帶有收益共享的數據共享市場。我們的分析顯示通過合

理地選擇收益共享策略能夠達到顯著的系統性能。其次，通過在感知任務和

用戶之間引入一個新的數據層，我們提出一個有成本效益的三層的以數據為

中心的移動眾包感知模型。這種以數據為中心的移動眾包感知模型使不同的

感知任務能夠復用數據，因此能夠有效地利用感知任務的相似性。我們首先

分析集中式的優化問題並證明數據復用能夠帶來顯著的性能增益。然後我們

考慮任務所有者和用戶之間的雙邊信息不對稱問題並提出一個去集中式的市

場機制來達到集中式的最優性能。我們的結果顯示這樣一種有成本效益的眾

包化資源共享能夠顯著減少運營損耗並達到更有效率的資源使用。
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Chapter 1

Introduction

This thesis addresses a problem at the nexus of mobile networks, resource

sharing, and economics. In particular, this thesis focuses on the economic

modeling and analysis of the crowdsourced network resource sharing. In

this chapter, we first introduce the framework of the crowdsourced network

resource sharing, and then discuss the importance of economic modeling

in understanding and regulating such crowdsourced network sharing sys-

tems. Finally, we outline this thesis and summarize the key contributions.

1.1 Crowdsourced Network Resource Sharing

Today, mobile Internet is increasingly prosperous and ubiquitous, thanks

to the proliferation of smartphones and the fast development of mobile

access services (e.g., LTE and WiFi). According to the International Data

Corporation (IDC), the global smartphone shipments have been increasing

drastically, and are expected to reach over 1.8 billion by 2018, leading to a

sixfold increase from the number of shipments in 2010 [1]. Moreover, the

number of smartphone users is forecast to grow from 1.5 billion in 2014 to

2.8 billion in 2020, with smartphone penetration rates increasing as well [2].
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Furthermore, mobile access services are increasingly powerful, due to the

evolutions to the LTE cellular service and the IEEE 802.11ah WiFi service.

The proliferation of smartphones leads to conflicting effects among dif-

ferent communities. First, the mobile data traffic is increasing drastically.

According to Cisco, the global mobile traffic reached 7.2 exabytes per month

in 2016, and is expected to increase sevenfold over the next five years [3].

Such traffic volume imposes big challenges on the bottleneck of the mo-

bile Internet, i.e., the mobile access networks. Although new technology

innovations are constantly emerging, the mobile access networks are in-

creasingly congested due to the increasing data-intensive mobile applica-

tions. Second, mobile devices (e.g., smartphones, tablet computers, and

wearables) are increasingly powerful in terms of the computing and stor-

age resources [4]. Moreover, many embedded sensors in these mobile de-

vices can sense vast quantities of data that are useful in a variety of ways.

Hence, leveraging these already deployed sensing, computing, and stor-

ages resources is a new cost-efficient manner for sensing data acquisition

and computing. These two effects are interactional. Leveraging the mobile

devices for sensing and computing further increases the mobile data traf-

fic. Meanwhile, the increasingly congested mobile network plays a negative

role in the participations of mobile devices sensing and computing.

How to address the above dilemma becomes a new challenge in today’s

mobile Internet era [5]. Such a challenge is mainly due to the resource

scarcity in mobile networks. One of the key ideas of addressing this chal-

lenge is through sharing resources. Resource sharing is a long-standing

approach to address the resource scarcity problem and achieve more effi-

cient system performance. By unifying a large crowd of users outsourcing

their own small resources, the crowdsourced network resource sharing is

emerging as a key paradigm to address the challenge.
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In the crowdsourced network resource sharing, the small resource is

owned by many users in the network. Through crowdsourcing to these

users who contribute their resources, these small resources are unified so

that more users can benefit in the network. For the mobile access services,

typical examples of the crowdsourced network resource sharing include

the mobile data offloading [6] and the user provided networks (UPNs) [7].

Specifically, in mobile data offloading, the congested cellular traffic can

be offloaded or crowdsourced to WiFi networks for alleviating the cellular

traffic loads. In UPNs, users share their WiFi access points or personal

hotspots with others for Internet connections. Another important example

is the crowdsourced sharing of the scarce radio spectrum. According to

the Federal Communications Commission (FCC) of the US, almost all fre-

quency bands have been allocated to different organizations or companies

for different purposes, and are often under-utilized even in densely popu-

lated urban areas [8]. Hence, crowdsourced spectrum sharing, which en-

ables unlicensed devices to opportunistically access the spectrum of legacy

owners, has been proposed to solve the spectrum scarcity problem.

For the crowdsourced sharing of the mobile devices with the diverse

sensors and rich computing resources, the typical example is the so-called

mobile crowd sensing [9]. In mobile crowd sensing, a complicated sensing

task can be crowdsourced to many mobile devices with diverse embedded

sensors. Specifically, each sensing task is first initiated and announced by

a task planner or owner via a web portal, and is then assigned to a pool of

mobile users (registered in the system), who will perform the sensing task

accordingly (e.g., sensing the required data and sending the collected data

to the system). While performing a sensing task, mobile users consume

their own device resources such as battery energy and CPU time. Hence,

the rich resources of massive mobile devices are shared to the sensing task



CHAPTER 1. INTRODUCTION 4

planners through the mobile crowd sensing systems.

While the crowdsourced network resource sharing can alleviate the re-

source scarcity problem by exploiting the small resources crowdsourced by

a large crowd of users, technology advances (e.g., sharing platforms design,

data sensing, and data processing) are not enough for the deployments

of such sharing systems. Commercial deployments of such crowdsourced

sharing systems involve several more challenges. In particular,

• Sharing Mechanisms. In the crowdsourced network resource sharing,

the resource is contributed by a large crowd of users. Hence, the avail-

able resource is highly dynamic, due to the dynamics of user mobility

and users’ own usage patterns. Moreover, the available resource is het-

erogeneous, due to the users’ heterogeneity in terms of resource types

and quantities. Hence, how to share the dynamic and heterogeneous

crowdsourced resources in an efficient and fair manner is a new chal-

lenge. The well-studied network utility maximization framework [10]

is not enough to address this challenge, and new economic mecha-

nisms are necessary for better sharing the crowdsourced resources.

• Network Externalities. Externalities are effects that one agent’s actions

have on the utility received by another. These effects can be negative or

positive. In crowdsourced resource sharing, the resource contributed

by each individual user is limited, and only a large crowd of users’

contributions can benefit the whole system. Hence, the crowdsourced

sharing network exhibits positive externalities. However, when the

number of contributors are sufficiently large, users compete with each

other for contributing their resources. In this case, the crowdsourced

sharing network exhibits negative externalities. The economic mech-

anisms designed for crowdsourced sharing should take into account

such externalities to improve the system performance.
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• Strategic User Behaviors. In crowdsourced resource sharing, the re-

source contributors are a large crowd of users in the network, and

it is not realistic to assume that all users take the whole network as

given. On the contrary, each user is interested in maximizing her own

benefit when contributing resources, and also anticipates the effect of

her own strategy on the whole network. Such strategic user behaviors

need to be characterized when designing the sharing mechanisms, and

can be modeled using the game theory in economics.

• Incentive Mechanisms. As the resource contributors in the crowdsourced

resource sharing network, rational users are not willing to participate

in such sharing systems, unless they receive satisfactory rewards to

compensate the resource value or the potential resource consumption

cost. Hence, proper economic incentives are necessary to incentivize

users’ participations in such sharing systems.

• Incomplete Information. Such crowdsourced sharing systems typically

involve a large crowd of users participating in a distributed manner.

Hence, users hold private information in terms of their resource types,

quantities, and the potential resource value or consumption cost. A

crowdsourced sharing system is not well-designed, unless it can elicit

the private information of participating users. That is, it should incen-

tivize participating users to truthfully report their private information.

To summarize, designing proper economic mechanisms play vital roles

in addressing the above challenges of the crowdsourced sharing systems.

In this thesis, we aim at addressing some of these challenges, through the

techniques of economic modeling and game theoretical analysis. Next, we

first give a brief introduction to these techniques. Then, we outline this

thesis and summarize the key contributions in each chapter.
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1.2 Economic Modeling and Game Theory

Economic modeling in networking is built upon optimization and incen-

tives. In particular, the global social welfare maximization and profit max-

imization can be achieved using the convex optimization theory and al-

gorithms, by properly introducing the pricing incentives and assuming

price-taking agents. When relaxing to price-seeking agents, game theory is

the framework for modeling the strategic interactions among price-seeking

agents. Next, we introduce the detailed problems and solution techniques.

1.2.1 Global Social Welfare Maximization

Performance optimization of communication networks has been extensively

studied in engineering. In these studies, the design objective of a network

is the overall throughput, delay, and fairness, etc. To optimize the over-

all performance (i.e., social welfare) in large networks, efficient distributed

algorithms are necessary. A well known global optimization problem in

both communication networks and economics is the network utility maxi-

mization for resource sharing problems. It has been shown that fair and

efficient resource sharing among agents in the network can be achieved

in a distributed fashion (e.g., [10] and the references therein). That is, in

many cases a fair and efficient allocation of resources can be obtained when

agents individually maximize their own net benefit given an appropriate

set of resource prices in a quasilinear environment. A critical feature of

the fair and efficient resource sharing is that all agents are price taking. In

other words, they optimize holding the prices fixed, and do not forecast

that their actions will have any effect on the prices in the market. Price tak-

ing agents can then be viewed as if each is solving an optimization problem

in isolation.
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1.2.2 Global Profit Maximization

A communication network typically involves a network operator and mul-

tiple users (subscribers) in the network. The operator controls the network

resources and provides the services to users. Hence, the operator has the

market power to set prices, and users decide their demands after observing

the announced prices. Pricing is the most effective profit lever, due to the

direct impact on users’ demands. The operator’s objective is profit max-

imization through pricing the network service. Users are assumed to be

price takers, i.e., they do not account for any effect their actions have on an

underlying price setting process.

There are two types of pricing in terms of time dependence [11,12]. That

is, it is referred to as static pricing, if the optimal pricing decision is fixed

after one-shot optimization; it is referred to as dynamic pricing, if the opti-

mal pricing decision is continuously optimized and varies over time. Both

types of pricing are widely used in network economics. Static pricing is

widely adopted mainly for its simplicity. In static pricing, the operator

sets a fixed price, and users make demand decisions after observing the

announced price. Moreover, users usually do not like a frequently varied

price psychologically. However, operator can benefit more from dynamic

pricing, because of the stochastic nature of demand. By pricing dynami-

cally, the operator delays its pricing decisions until after the market condi-

tions are revealed, and can adjust prices accordingly. The question is how

much more profit of dynamic pricing versus static pricing can be achieved,

and under what conditions. Intuitively, the answer depends on the demand

sensitivity of users, the distribution of the stochastic demand, and the com-

petition of operators. The exact answer is undoubtedly problem-specific,

and needs a comprehensive modeling and analysis.
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1.2.3 Individual Optimization with Game Theory

A key assumption in social welfare maximization and profit maximization

is that agents are price takers, i.e., they do not account for any effect their

actions have on an underlying price setting process. However, in some

settings, if an agent knows that her behavior will change the price, then

why should the agent not account for this effect? Relaxing the price taking

assumption requires an agent to consider not only her own action, but

the actions of all other agents, since prices are determined by the joint

behavior of all agents. The corresponding optimization problems faced by

each agent then become interdependent. Modeling such situations falls

into the scope of game theory [13].

Game theory provides a well established framework for modeling the

strategic interactions of multiple rational decision makers. By strategic inter-

action we mean that individuals know that their actions will have an effect

on the outcome and act accordingly. By rationality we mean that individ-

uals know the strategies available to each individual, have complete and

consistent preferences over possible outcomes, and they are aware of those

preferences. Furthermore, they can determine the best strategy for them-

selves and flawlessly implement it. The typical solution concept of game-

theoretical models is Nash equilibrium [13], where no individual agent has

the incentive to unilaterally change her strategy. Specifically, in a Nash

equilibrium, each player’s choice of action is a best response to the actions

actually taken by his opponents, where the best response is the strategy (or

strategies) which produces the most favorable outcome for a player, taking

other players’ strategies as given.

In the game-theoretical setting, each agent becomes price seekers. As

a result, the social welfare (i.e., the sum of all agents’ payoffs or utilities)

cannot be globally maximized by decomposing the social welfare maxi-
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mization problem using a set of prices such that each agent solves her own

optimization problem in a distributed fashion. That is, the Nash equilib-

rium solution is not efficient, compared with the globally optimal social

welfare maximization solution. The efficiency loss of a system due to the

strategic behavior of its agents is an important metric for the Nash equilib-

rium solution, and is problem-specific in game-theoretical analysis [14].

Mechanism Design. The reason why the strategic interactions among

agents cause the efficiency loss is the interdependence of agents’ strategies

on their outcomes. That is, one agent’s actions have effects on the utility

received by another. The effects are referred to as externalities in economics.

Hence, it is also true that externalities among agents cause the efficiency

loss. Conversely, we may take a design point of view in dealing with ex-

ternalities: in particular, we ask what incentives we can provide to agents

to encourage them to align their own behavior with efficient outcomes.

Proper design of incentives can mitigate or entirely eliminate the distor-

tions in economic outcomes that arise due to externalities. An example of

such incentive mechanisms is the Vickrey–Clarke–Groves (VCG) auction.

In a VCG auction, the properly designed price charged to each bidder is the

social cost (how much her existence hurts the others) she imposes, such that

each bidder is incentivized to bid truthfully. Hence, the VCG prices can in-

ternalize the externalities, leading to efficient outcomes. Truthful auction

mechanisms are decentralized market mechanisms in the sense that each

bidder has a decentralized decision making and the auctioneer adopts a

market-based coordination system that is incentive aligned [15]. The the-

ory of mechanism design addresses the problem of choosing the rules of

a game according to the preferences of a set of agents, so that a desirable

outcome is achieved at the equilibrium points of the resulting game. More

details on mechanism design can be referred to [16].



CHAPTER 1. INTRODUCTION 10

1.3 Thesis Outline and Contributions

This thesis focuses on the economic modeling and analysis for the crowd-

sourced network resource sharing. In particular, in Chapter 2, we study

the global profit maximization of the crowdsourced spectrum sharing. In

Chapters 3 and 4, we study the incentives for the cost-efficient crowd-

sourced mobile devices resources sharing for mobile sensing. In Chapter 5,

we conclude the thesis, and discuss the future research directions. We out-

line our contributions in each chapter as follows.

In Chapter 2, we consider the profit maximizing crowdsourced spec-

trum sharing. In such a spectrum sharing system, the available spectrum

resources are obtained by crowdsourcing to the spectrum legacy owners,

and are dynamically shared with the unlicensed secondary users. Specifi-

cally, we propose a joint optimal pricing and admission control scheme in

regulating the secondary spectrum access [17]. Considering the stochastic

and heterogeneous nature of secondary users’ demands, we formulate the

profit maximization problem as a stochastic dynamic programming prob-

lem, and present the optimal solutions under both static and dynamic pric-

ing schemes. We show that the optimal dynamic pricing can improve the

operator’s profit by more than 30% over the optimal static pricing, when

secondary users’ demands are highly elastic.

In Chapter 3, we consider the game-theoretical analysis of the cost-

efficient scalable mobile crowd sensing (MCS) with peer-to-peer (P2P) data

sharing. In MCS, the sensing tasks are completed by crowdsourcing to

massive mobile devices that have diverse embedded sensors and powerful

computing resources. The traditional server-client MCS architecture often

suffers from the high operational cost on the centralized server. Peer-to-

peer data sharing can effectively reduce the server’s cost by leveraging the
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user devices’ computation and storage resources. In this chapter, we pro-

pose a new P2P-based MCS architecture, where the sensing data is saved

and processed in user devices locally and shared among users in a P2P

manner [18]. To provide necessary incentives for users in such a system,

we propose a quality-aware data sharing market, where users who sense

data can sell data to others who request data but not want to sense the data

by themselves. We analyze the user behavior dynamics from the game-

theoretical perspective, and characterize the existence and uniqueness of

the game equilibrium. We further propose distributed best response itera-

tive algorithms to reach the game equilibrium with provable convergence.

In Chapter 4, we consider the incentive mechanism design for the cost-

efficient data-centric MCS. A key objective in MCS is to efficiently schedule

mobile users to perform multiple sensing tasks. Prior work mainly focused

on interactions between the task-layer and the user-layer, without consid-

ering tasks’ similar data requirements and users’ heterogeneous sensing

capabilities. In this chapter, we propose a three-layer data-centric MCS

model by introducing a new data-layer between tasks and users, enable

different tasks to reuse the same data items, hence effectively leverage both

task similarities and user heterogeneities [19]. We formulate a joint task se-

lection and user scheduling problem based on the new framework, aiming

at maximizing social welfare. We first analyze the centralized optimization

problem with the statistical information of tasks and users, and show the

bound of the social welfare gain due to data reuse. Then we consider the

two-sided information asymmetry of selfish task-owners and users, and

propose a decentralized market mechanism for achieving the centralized

social optimality. In particular, considering the NP-hardness of the opti-

mization, we propose a truthful two-sided randomized auction mechanism

that ensures computational efficiency and a close-to-optimal performance.



Chapter 2

Profit Maximizing Crowdsourced

Spectrum Sharing

In this chapter, we focus on the profit maximizing crowdsourced network

resource sharing. In particular, the crowdsourced spectrum sharing is a

promising way of alleviating the bandwidth scarcity problem, by crowd-

sourcing to the licensed spectrum owners for the available spectrum re-

sources. Next, we focus on the profit maximizing incentive for operating

such a crowdsourced spectrum sharing system.

2.1 Introduction

Database-assisted spectrum sharing is a promising approach to improve

the utilization of limited spectrum resources [20, 21]. In such an approach,

primary licensed users (PUs) report their spectrum usage patterns to a

spectrum database, which uses the primary activity records to coordinate

the opportunistic spectrum access of secondary unlicensed users (SUs).

Several government regulators, such as the FCC in the US and the Of-

com in the UK, strongly advocate such an approach (e.g., for the sharing

12
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of TV white space) due to its high reliability compared to sensing. Under

such an approach, the database can effectively coordinate SUs’ accesses,

by mitigating these SUs’ mutual usage conflicts and controlling the poten-

tial conflicts with PUs. Though researchers have made significant research

progress in addressing various technical issues of spectrum database (e.g.,

database system management and spectrum allocation [22–25]), very few

studies looked at the economic issue of spectrum database (e.g., [23–25]).

Without a proper economic mechanism, the database operator may not

have enough incentives to coordinate the spectrum sharing process. This

motivates us to explore the profit maximization problem for a spectrum

database, in particular, the admission control of SUs and pricing of idle

spectrum resources.

There are two key challenges when considering such a profit maximiza-

tion problem for the database operator. First, SUs’ demands can be het-

erogeneous in terms of spectrum occupancy. For example, a large file (e.g.,

video) downloading takes minutes or even hours to finish (hence we call

heavy-traffic), while sending a short text message or accessing location-

based services can be completed in seconds (hence we call light-traffic).

Second, SUs’ demands are often randomly generated over time. The het-

erogeneity and randomness make it difficult for the operator to accurately

predict future demands and make proper resource allocation decisions.

However, these two issues have not been fully considered in the previous

literature (e.g., [23–25]).

To address the above two challenges, we propose a joint spectrum pric-

ing and admission control scheme for the database operator to maximize

its expected profit. The optimization is over the time period during which

the spectrum channel is available for SUs to opportunistically access due to

the lack of PU activities. The period is divided into several time slots, and
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the database operator needs to determine the optimal prices for different

types of SUs (e.g., in heavy- and light-traffic types) in each time slot. These

prices can be fixed (static pricing) or vary over time (dynamic pricing), and

will affect how SUs request to access the spectrum. However, pricing alone

may not be enough to mitigate the conflicts between multiple SUs who

want to access to the limited spectrum at the same time. The operator also

needs to determine the optimal admission control policy to control the total

demand. The pricing and admission decisions need to be jointly optimized

in order to achieve the maximum performance.

There are several recent results focusing on the spectrum pricing issues

of a spectrum database (e.g., [23–25]). These studies focused primarily on

the static pricing with complete information in the spectrum database sys-

tem, without considering the heterogeneous and stochastic SU demands

as in this chapter. As for the wider area of pricing, there has been a rich

literature on static or dynamic pricing of resources in Internet, communi-

cation networks, and transportation networks. Under static pricing, the

pricing decisions do not change over time (e.g., [23–31]). The literature on

dynamic pricing focuses primarily on dynamic pricing decisions of sell-

ing a given stock of items by a deadline (e.g., [32, 33]), and in particular,

pricing decisions of airline seats and hotel rooms booking (e.g., [34, 35]).

However, in this chapter, spectrum has its unique features to be priced and

used. Unlike a traditional product, the unused spectrum resource cannot

be stored and is immediately wasted. SUs’ demands are also heteroge-

neous over time. The time-sensitive feature of spectrum and the demand

heterogeneity make our model and analysis fundamentally different from

prior studies.

The literature on dynamic pricing of wireless resources only emerged

recently (e.g., [36–38]). Song et al. in [36] studied the network revenue
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maximization problem by using dynamic pricing for multiple flows in a

wireless multi-hop network. Ha et al. in [37] proposed time-dependent

pricing to decrease customers’ congestion cost. Ma et al. in [38] proposed

time and location based pricing for mobile data traffic. However, none of

these prior studies focused SUs’ stochastic and random spectrum demands.

We tackle this issue by jointly considering admission control and pricing,

and characterize the conditions under which the often complicated optimal

pricing and admission decisions degenerate to the stationary pricing and

admission schemes.

To our best knowledge, this is the first work that jointly prices and al-

locates the spectrum resource in a dynamic setting to serve heterogeneous

and stochastic SU demands. We formulate the operator’s profit maximiza-

tion problem as a stochastic dynamic programming problem, which is in

general challenging to solve. Our main results and key contributions are

summarized as follows.

• Optimal static pricing and dynamic admission policies. We first constrain

ourselves to the simple and widely used approach of static pricing,

meanwhile allow dynamic time-dependent admissions. We show that

the complex optimal dynamic admission policy often degenerates to

a threshold-based stationary (time-independent) policy under a wide

range of system parameters. For the scenario where a stationary policy

is not optimal, we propose an algorithm to numerically compute the

optimal admission policy.

• Optimal dynamic pricing and dynamic admission policies. We further al-

low the prices to dynamically change over time based on different SUs’

stochastic demands. Although the optimal prices and admission deci-

sions are coupled, we are able to compute the optimal policy through

a proper price-and-admission decomposition in each time slot. Simi-
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larly, we show that the optimal admission policy often degenerates to a

stationary admission policy under a wide range of system parameters.

By comparing the optimal pricing and admission policies under both

static and dynamic pricing schemes, we show that the dynamic pric-

ing scheme can significantly improve the database operator’s profit

(by more than 30%) when SU’s demands are highly elastic.

We start our analysis by considering a simple case involving two types

of SUs: a light-traffic SU who wants to access a channel for one time slot,

and a heavy-traffic SU who needs to access a channel for two consecutive

time slots. We further extend our analysis and optimal algorithm design to

the more general case where (i) there are an arbitrary number of SU types,

and (ii) each type of SU may access a channel for an arbitrary number of

time slots.

The rest of the chapter is organized as follows. We introduce the model

and problem in Section 2.2. In Section 2.3, we formulate and solve the opti-

mal static pricing and dynamic admission control problem. In Section 2.4,

we further consider the joint optimization of dynamic pricing and dynamic

admission control. In Section 2.5, we extend our model and results to the

more general cases of SU types. We show the simulation results in Section

2.6 and summarize the chapter in Section 2.7.

2.2 System Model and Problem Formulation

We consider a database operator who records PUs’ activities and knows a

channel that will not used by PUs during a set N = {1, · · · , N} of con-

secutive time slots, similar as in [20–22]. The database operator wants to

maximize its profit through selling the temporary spectrum opportunities

to the SUs. The duration of this whole time period depends on the type of
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PU traffic, and is known in advance as the PUs need to register all traffic

with the database (e.g., [20–22]).

SUs randomly arrive and request channel access at the beginning of each

time slot. To gain clear insights into the admission policies of SUs, we first

assume that there are two types of SUs depending on the length of the

channel access time. A light-traffic SU only needs to use the channel for one

time slot, and a heavy-traffic SU needs to occupy two consecutive time slots.

In Section 2.5, we will extend our analysis to the case where a heavy-traffic

SU occupies more than two consecutive time slots, and we will show that

our main results do not change. We will further consider the general case

of multiple types of SUs in Section 2.5.

If an SU is admitted in n ∈ N , the database operator will charge the SU

either rl(n) or rh(n), depending on whether it is a light- or heavy-traffic

SU. SUs are price-sensitive, and their demand probabilities of requesting

the spectrum after arriving are non-increasing in the prices.1 Since we

consider a single channel case, the database operator can admit at most

one SU in any time slot. Once an SU’s service request is rejected by the

database, it will leave the system without waiting. This corresponds to the

case where SUs have delay-intolerant applications such as VoIP and video

conferencing.

Fig. 2.1 summarizes the database’s operations in our model. At the

beginning of each time slot n ∈ N , the database operator first announces

prices rl(n) and rh(n) for the light- and heavy-traffic SU types, respectively.

Then SUs observe the price update and randomly arrive with the probabil-

1We in fact consider two different arrival processes. The first process describes how the SUs arrive at the
system, which can be any process such that there is at least one arrival at the beginning of each time slot. One
example of such processes is the deterministic arrival in each time slot. The second process characterizes how
the arrived SUs request spectrum access from the database. Such a process depends on the prices set by the
operator, as a higher price will reduce the demand from SUs.
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Figure 2.1: Database operation in N time slots. At the beginning of each time slot, the
database operator announces prices for incoming SUs. After observing the realized de-
mands, the database operator then makes the admission decision and inform the selected
SU to access. The notation (Sn, Xn, Yn) denotes the resultant channel occupancy and two
SU types’ demand realizations (will be explained in Subsection 2.3.1).

ities affected by the prices.2 Finally, the database operator admits at most

one SU to the channel (if the channel is available) and rejects the other SUs

(if any). After the three phases, the admitted SU will transmit data over

the channel during the rest of the slot.

To maximize the expected profit, the database operator wants to jointly

optimize spectrum prices and admissions over all N time slots. In this op-

timization problem, the database operator’s decision of admitting a heavy-

traffic SU will prevent admitting a light/heavy-traffic SU (if available) in

the next time slot, hence the operation decisions over time are coupled. We

will model the problem as a stochastic dynamic programming problem,

and propose the optimal admission policies under static pricing in Section

2.3 and under dynamic pricing in Section 2.4, respectively. In both sections,

we allow dynamic admission decisions over time. Notice that static pricing

is a special case of dynamic pricing, and is widely used in industry due

to its simplicity and low complexity. Hence, we are interested in exploring

the benefits that the flexible dynamic pricing may bring beyond the sim-

plified static pricing. Then we can provide insights into which pricing and

2In addition to the prices charged by the operator, the wireless channel condition will also influence each SU’s
request for the spectrum. In Sections 2.3 and 2.4, we will consider a demand probability function that decreases
in prices, where the demand elasticity parameter incorporates the impact of the channel statistics. We put the
detailed channel modeling, analysis, and simulation results into Appendix A of [39].
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admission scheme the operator should choose and under what conditions.

2.3 Optimal Static Pricing and Dynamic Admission

We first consider the case of static pricing, where prices do not change

over time. It will serve as a benchmark and help us quantify the perfor-

mance gain by using dynamic pricing in Section 2.4. With static pricing,

the database only needs to optimize and announce prices once at the be-

ginning of time slot 1, and keeps the prices fixed for the rest N − 1 time

slots, i.e., rl(n) = rl and rh(n) = rh for each time slot n ∈ N .

We will formulate the profit maximization problem with static pricing

and dynamic admission as a stochastic dynamic programming problem. In

Subsections 2.3.1 to 2.3.3, we will formulate and solve the optimal admis-

sion control problem through backward induction, given any fixed prices.

In Subsection 2.3.4, we will optimize the static prices, considering the ad-

mission policies developed in Subsections 2.3.1 to 2.3.3.

2.3.1 Admission Control Formulation under Fixed Prices

Given fixed prices rl and rh, we now optimize the channel admission de-

cision in each time slot. Such optimization not only considers the channel

availability and SU demands in the current time slot, but also considers SU

demands in future time slots. We will formulate it as a stochastic dynamic

programming problem.

We first define the system state as follows.

Definition 2.1 (System State). The system state in time slot n is (Sn, Xn, Yn).

Here, Sn denotes the number of remaining occupied time slots at the beginning

of time slot n. Since Sn ∈ {0, 1}, Sn also indicates the binary channel state,

where Sn = 0 denotes that the channel is available for admission in time slot n,
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and Sn = 1 otherwise. The parameter Xn = 1 denotes that at least one light-

traffic SU arrives at the beginning of the time slot (and is willing to pay for price

rl), and Xn = 0 otherwise. The parameter Yn is defined similarly as Xn but for

the heavy-traffic SUs. We define the SU demand probabilities in time slot n as

pl = Pr{Xn = 1} and ph = Pr{Yn = 1}, respectively. As prices are unchanged

over time, pl and ph are the same for all time slots.

The system state changes over time, depending on the channel admis-

sion decisions and SUs’ demand realizations over time. The feasible set of

admission actions in each time slot depends on the current system state.

Formally, we define the state-dependent feasible admission action set as

follows.

Definition 2.2 (Admission Action Set). The set of feasible admission actions in

time slot n is a state-dependent setAn(Sn, Xn, Yn). When Sn = 1, i.e., the current

time slot is not available for new admission as we are still serving the heavy-traffic

SU from the last time slot, we have An(1, Xn, Yn) = {0} for all possible (Xn, Yn).

When Sn = 0, the admission action set depends on which type of SUs’ demands

in the current time slot. If no SUs request in time slot n (i.e., (Xn, Yn) = (0, 0)),

the set of actions is still An = {0}. If both light- and heavy-traffic SUs demand,

i.e., (Xn, Yn) = (1, 1), then we can either serve no SU, a light-traffic SU, or a

heavy-traffic SU, and thus the set of actions is An = {0, 1, 2}. To summarize,

An(0, Xn, Yn) =





{0}, if (Xn, Yn) = (0, 0),

{0, 1}, if (Xn, Yn) = (1, 0),

{0, 2}, if (Xn, Yn) = (0, 1),

{0, 1, 2}, if (Xn, Yn) = (1, 1).

(2.1)

We further define the specific admission decision in time slot n as an ∈
An(Sn, Xn, Yn).

Now we are ready to introduce the state dynamics. When Sn = 1, we
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Table 2.1: Key Notations in Chapter 2

Symbols Physical Meaning

N = {1, · · · , N} Set of time slots

(Sn, Xn, Yn) System state in time slot n

an(Sn, Xn, Yn) and an Admission action in time slot n

An(Sn, Xn, Yn) Set of feasible admission actions in time slot n

r(an) Immediate profit by the admission action an

Rn(Sn, Xn, Yn, an) Total profit from time slot n to N

E[R∗n(Sn, Xn, Yn)] and R̄∗n(Sn) Optimal expected future profit from n to N

π∗(Sn, Xn, Yn) Optimal admission strategy in time slot n

π∗ = {π∗(Sn, Xn, Yn), n ∈ N} Optimal admission policy for all time slots

R∗n(rl , rh) Total profit from n to N as a function of prices

rl(n), rh(n) Price for light/heavy-traffic SUs in time slot n

R̄n(rl(n), rh(n)) Expected future profit from time slot n to N

pl(rl(n)), ph(rh(n))
Probabilities of having at least one light- and

heavy-traffic SU requesting spectrum in n

kl , kh Demand elasticity of light/heavy-traffic SUs

I = {1, · · · , I} Set of SUs’ types in the multiple types case

X
(i)
n , ∀i ∈ I Demand of type-i SUs in time slot n

will not admit any SU, hence in the next time slot Sn+1 = Sn− 1 = 0, as the

remaining occupied time slots decreases by one. When Sn = 0, the channel

availability of the next time slot only depends on the action an. If we admit

the light-traffic SU with an = 1, then the channel is available in the next

time slot (as the remaining occupied time slot is 0), i.e., Sn+1 = an − 1 = 0.

If we admit the heavy-traffic SU with an = 2, it will occupy two time slots

(time slots n and n + 1). This means that at the beginning of time slot

n + 1, we will have the number of remaining occupied time slot to be 1,

i.e., Sn+1 = an − 1 = 1. At the beginning of time slot n + 2, there is no

SU occupying the channel, hence Sn+2 = Sn+1 − 1 = 0 and time slot n + 2

is available for admission. To summarize, we derive the following state

dynamics.
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Lemma 2.1 (State Dynamics). The dynamics of the system state component Sn

for each time slot n ∈ N satisfies the following equation:

Sn+1 = (Sn + an(1− Sn)− 1)+, (2.2)

where (x)+ := max(0, x), and Sn ∈ {0, 1} for each n ∈ N .

Lemma 2.1 captures the change of remaining occupied time slots. The

system state components (Xn, Yn) are the realizations of SU demands in

the current time slot, and do not depend on the action an in previous time

slots. The key notations we introduced so far are listed in Table 2.1.

We are now ready to introduce the profit maximization problem. We

define a policy π = {an(Sn, Xn, Yn), ∀n ∈ N} as the set of decision rules for

all possible states and time slots, and we let Π = {An(Sn, Xn, Yn), ∀n ∈ N}
be the feasible set of π. Given all possible system state vectors S = {Sn, ∀n ∈
N}, X = {Xn, ∀n ∈ N}, and Y = {Yn, ∀n ∈ N}, the database operator

aims to find an optimal policy π∗ (from the set of all admission policies Π)

that maximizes the expected total profit from time slot 1 to N. Formally,

we define Problem P1 as follows.

P1: Profit Maximization by Dynamic Admission

maximize E
π

X ,Y [R(S, X, Y , π)] (2.3)

subject to an(Sn, Xn, Yn) ∈ An(Sn, Xn, Yn), ∀n ∈ N , (2.4)

Sn+1 = (Sn + an(1− Sn)− 1)+, ∀n ∈ N \ {N}, (2.5)

variables π = {an(Sn, Xn, Yn), ∀n ∈ N}, (2.6)

where the expectation in the objective function is taken over SUs’ random

requests (X, Y).

We proceed to analyze Problem P1 by using backward induction [40].
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After SUs’ demands Xn and Yn are realized in time slot n, the operator

makes the admission action an to maximize the total profit by consider-

ing future SU demands. We define the total profit from time slot n to

N as Rn(Sn, Xn, Yn, an). The total profit computed in time slot n has two

parts: i) the immediate profit r(an) for the current admission action an, where

r(an) = 0, rl, or rh if an = 0, 1, or 2, respectively; and ii) the expected future

profit from time slot n + 1 to N, i.e., E[Rn+1(Sn+1, Xn+1, Yn+1)], where the

expectation is taken over the SUs’ possible demands in the next time slot

n + 1, i.e., (Xn+1, Yn+1).
3 Then the optimization problem of time slot n in

the backward induction process is

R∗n(Sn, Xn, Yn) = max
an∈An

Rn(Sn, Xn, Yn, an), (2.7)

where the profit’s dynamic recursion is

Rn(Sn, Xn, Yn, an) = r(an) + E[R∗n+1(Sn+1, Xn+1, Yn+1)]. (2.8)

As a boundary condition in the last time slot, we have R∗N(SN , XN , YN, aN) =

r(aN), as there is no future spectrum opportunity and profit collection after

time slot N.

The maximum expected profit from time slot n to N is denoted by

EXn,Yn [R
∗
n(Sn, Xn, Yn)], which is a part of the profit and will be utilized

for admission decision-making in previous time slots. Since the expec-

tation EXn,Yn [R
∗
n(Sn, Xn, Yn)] is taken over all possible SU demand combi-

nations (Xn, Yn), we rewrite it as R̄∗n(Sn), ∀n ∈ N for simplicity. We de-

rive the expected total profit Rn(Sn, Xn, Yn, an) by adding the immediate

profit as a result of action an and the corresponding expected future profit

R̄∗n+1(Sn+1) (if an = 0 or 1, i.e., no admission or admitting a light-traffic SU)

3In this chapter, the expectation E[R∗n(Sn, Xn, Yn)] is always taken over SU requests (Xn, Yn),∀n ∈ N , unless
otherwise mentioned.
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or R̄∗n+2(Sn+2) (if an = 2, i.e., admitting a heavy-traffic SU), considering all

possible SU demands (Xn, Yn) in time slot n:

Rn(Sn, Xn, Yn, an) = (1− pl)(1− ph)[0 + R̄∗n+1(Sn+1)]

+ pl(1− ph)[rl + R̄∗n+1(Sn+1)]

+ (1− pl)ph [(0 + R̄∗n+1(Sn+1)) · 1{an=0} + (rh + R̄∗n+2(Sn+2)) · 1{an=2}]

+ pl ph[(rl + R̄∗n+1(Sn+1)) · 1{an=1} + (rh + R̄∗n+2(Sn+2)) · 1{an=2}], (2.9)

which can be computed according to (2.7) and (2.8) recursively and back-

wardly from time slot N to n. Later, we will calculate Rn(Sn, Xn, Yn, an) by

setting the specific values of an in the last two terms of (2.9) according to the

different admission strategies for time slot n.

Next, we will solve Problem P1 using (2.7)-(2.9).

2.3.2 Optimal Dynamic Admission Control

By using backward induction [40], we start with the final time slot N

and derive the optimal decisions slot by slot back. In time slot n, the

admission decision is made by comparing the corresponding total profits

Rn(Sn, Xn, Yn, an) for different admission an in time slot n.

Based on the above discussions, we propose the optimal dynamic admis-

sion control policy in Algorithm 1. More specifically, this control policy

π∗ is developed by solving Problem P1 using standard backward induc-

tion mentioned earlier. In the following Cases I-III, we formally compare

the immediate profit plus the expected future profit to make admission

decisions (i.e., rh + R̄∗n+2(Sn+2), rl + R̄∗n+1(Sn+1), and 0 + R̄∗n+1(Sn+1)):

• In Case I (lines 5-6) of Algorithm 1, it is more beneficial for the opera-

tor to admit a heavy-traffic SU (if it exists) than a light-traffic SU.



CHAPTER 2. PROFIT MAXIMIZING CROWDSOURCED SPECTRUM SHARING 25

Algorithm 1 Optimal Admission Control Policy

1: Set n = N, R̄∗N+1 = 0

2: The optimal admission for N is a∗N = XN and R̄∗N = plrl

3: for n = N − 1, · · · , 2, 1 do
4: Calculate R̄∗n+1(Sn+1) using (2.9).

5: if rh + R̄∗n+2(Sn+2) ≥ rl + R̄∗n+1(Sn+1) then
6: if Yn = 1, then an = 2; if Yn = 0, Xn = 1, then an = 1; otherwise an = 0.
7: else if R̄∗n+1(Sn+1) < rh + R̄∗n+2(Sn+2) < rl + R̄∗n+1(Sn+1) then
8: if Xn = 1, then an = 1; if Xn = 0, Yn = 1, then an = 2; otherwise an = 0.
9: else

10: if Xn = 1, then an = 1; otherwise an = 0.
11: end if
12: end for
13: return the optimal admission policy π∗

• In Case II (lines 7-8) of Algorithm 1, it is more beneficial for the oper-

ator to admit a light-traffic SU (if it exists) than a heavy-traffic SU.

• In Case III (lines 9-10) of Algorithm 1, it is more beneficial for the

operator to only admit a light-traffic SU (if it exists).

By the principle of optimality [40], π∗={π∗(Sn, Xn, Yn), n ∈ N} is optimal,

as shown in the following proposition.

Proposition 2.1. Algorithm 1 solves Problem P1 and computes the optimal ad-

mission policy π∗.

The proof of Proposition 2.1 is given in Appendix B of [39]. Note that

the optimal policy π
∗ is a contingency plan, which contains the optimal

admission policy in each time slot n ∈ N for any system state. After

deriving the optimal policy, we can implement the policy forwardly from

time slots 1 to N, after observing SUs’ demand realizations.

2.3.3 Stationary Admission Policies

The optimal admission control solution in Algorithm 1 does not have a

closed-form characterization and the system still needs to check a huge-
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size table created from the algorithm after knowing the realizations of SU

random demands. This motivates us to focus on a class of low complexity

stationary admission policies, where the admission rules do not change

over time (while the actual admission decisions might change over time).

We will characterize the conditions under which these stationary admission

policies are optimal.

Recall that there are three possible admission strategies in each time

slot, depending on the values of rh + R̄∗n+2(Sn+2), rl + R̄∗n+1(Sn+1), and 0+

R̄∗n+1(Sn+1). For a particular time slot n, for example, if rh + R̄∗n+2(Sn+2) >

rl + R̄∗n+1(Sn+1) > 0 + R̄∗n+1(Sn+1), we prefer to serve the heavy-traffic SU

type rather than the light-traffic one or not serving anyone (i.e., the admis-

sion priority follows Λ(2) > Λ(1) > Λ(0)). Here, we define the function

Λ(an) to capture the priority order of the admission action an ∈ {0, 1, 2}.
Due to the fact rl + R̄∗n+1(Sn+1) > 0+ R̄∗n+1(Sn+1) and serving a light-traffic

SU is better than serving no one, there are a total of three reasonable ad-

mission priority orders, i.e., Λ(2) > Λ(1) > Λ(0), Λ(1) > Λ(2) > Λ(0),

and Λ(1) > Λ(0) > Λ(2). We discuss them one by one next.

Table 2.2 shows the three stationary policies that we will discuss. Recall

that when Sn = 1 (i.e., channel is still occupied in the current time slot),

we have a∗n = 0 (not admitting any SU) for any values of Xn and Yn. Table

2.2 only focuses on the case of S = 0. The three rows/sub-tables, namely,

Tab.2.2–HP: aHP∗
n , Tab.2.2–LP: aLP∗

n , and Tab.2.2–LD: aLD∗
n , represent the

Heavy-Priority (i.e., Λ(2) > Λ(1) > Λ(0)), Light-Priority (i.e., Λ(1) >

Λ(2) > Λ(0)), and Light-Dominant (i.e., Λ(1) > Λ(0) > Λ(2)) admission

policies, respectively. For each policy, we will derive the conditions of the

static prices rl and rh, under which the policy achieves the optimality of

Problem P1.

We first analyze the Heavy-Priority admission policy (in Tab.2.2–HP:
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Table 2.2: Three Stationary Admission Policies

Admission Policies
System states (Sn, Xn, Yn)

(0, 0, 0) (0, 0, 1) (0, 1, 0) (0, 1, 1)

Tab.II–HP: aHP∗
n 0 2 1 2

Tab.II–LP: aLP∗
n 0 2 1 1

Tab.II–LD: aLD∗
n 0 0 1 1

aHP∗
n , ∀n ∈ N ). Under this policy, we will serve a heavy-traffic SU (an = 2)

whenever possible (Yn = 1), and only serve a light-traffic SU (an = 1) when

there is only a light-traffic SU (Xn = 1 and Yn = 0).4 Such a stationary

policy is optimal if the following two conditions hold for each and every

time slot n ∈ {1, · · · , N − 1},

rh + R̄∗n+2(0) ≥ 0 + R̄∗n+1(0), (2.10)

rh + R̄∗n+2(0) ≥ rl + R̄∗n+1(0). (2.11)

Inequality (2.10) shows that serving a heavy-traffic SU who occupies two

consecutive time slots leads to a higher expected total profit than serving

no SU in the current time slot. Inequality (2.11) shows that serving a heavy-

traffic SU leads to a higher expected total profit than serving a light-traffic

SU in the current time slot. Since (2.11) ensures (2.10), we only need to

consider (2.11).

Similarly, we can derive the condition under which the Light-Priority

admission policy (in Tab.2.2–LP: aLP∗
n ) is optimal, i.e., 0 + R̄∗n+1(0) < rh +

R̄∗n+2(0) < rl + R̄∗n+1(0) for all n ∈ {1, · · · , N − 1}. Under this policy,

we will admit a light-traffic SU whenever possible (Xn = 1), and ad-

mit a heavy-traffic SU otherwise (Xn = 0 and Yn = 1). Finally, we can

derive the condition under which the Light-Dominant admission policy

4Note that the discussion is only meaningful for time slot 1 to N − 1, as in the last time slot N we will always
admit a light-traffic SU whenever possible.
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(in Tab.2.2–LD: aLD∗
n ) is optimal, i.e., rh + R̄∗n+2(0) ≤ 0 + R̄∗n+1(0) for all

n ∈ {1, · · · , N − 1}. Under this policy, we will choose to admit a light-

traffic SU (an = 1) whenever possible (Xn = 1), and will never admit any

heavy-traffic SU, as it leaves no room to accept a light-traffic SU in the next

time slot.

To summarize, we have the following theorem. Recall that rh/rl denotes

the ratio between the prices charged to the heavy-traffic and the light-traffic

SUs, and pl and ph are the demand probabilities defined in Subsection 2.3.1.

Theorem 2.1. A stationary admission policy becomes the optimal policy to solve

Problem P1 if one of the following condition is true:

• The Heavy-Priority admission policy aHP∗
n in Tab.2.2–HP for all n ∈ N is

optimal if rh/rl ≥ 2pl + (1− pl)/(1− ph).

• The Light-Priority admission policy aLP∗
n in Tab.2.2–LD for all n ∈ N is

optimal if pl ≤ rh/rl ≤ 1 + pl .

• The Light-Dominant admission policy aLD∗
n in Tab.2.2–LP for all n ∈ N is

optimal if rh/rl < pl .

The proof of Theorem 2.1 is given in Appendix C of [39]. The theorem

shows that each of the three stationary policies is optimal within a particu-

lar range of the price ratio rh/rl . Fig. 2.2 illustrates the results of Theorem

2.1 graphically. In this figure, we divide the feasible range of the price ra-

tio rh/rl into four regimes, among which in three regimes (I, II, and IV)

the stationary policies are optimal. We are able to further characterize the

closed-form optimal total profits for these three regimes, and the details

can be found in Appendix C [39]. It is clear that a larger value of rh/rl

gives a higher preference to the admission of a heavy-traffic SU. In regime

III, we have to use Algorithm 1 to compute the optimal admission policy.
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rh
rl

∞
2pl +

1−pl
1−phpl 1 + pl0

I: Light-Dominant Admission Policy

II: Light-Priority Admission Policy

III: Algorithm 1

IV: Heavy-Priority Admission Policy

Figure 2.2: Optimal stationary admission policies for all price ratio rh/rl values (regimes
I, II, and IV).

After analyzing the optimal admission control decisions from time slot

N to 1 in backward induction, we now optimize the initial pricing decision

at the beginning of time slot 1.

2.3.4 Optimal Static Pricing

Under static pricing, the database operator optimizes and announces the

prices rh and rl in time slot 1, and do not change these prices for the re-

maining N − 1 time slots. As explained in Section 2.2, we consider the

general case where prices will affect SU demands during each time slot.

As a concrete example, we consider the widely used linear demand func-

tion in economics [41], where the probability of an SU of type i ∈ {l, h}
requesting the spectrum resource in a time slot is pi(ri) = 1− kiri, where

0 ≤ ri ≤ rmax
i = 1/ki .

5 The parameters kl and kh characterize the de-

mand elasticity of the light-traffic and the heavy-traffic SUs, respectively,

and larger values of kl and kh reflect higher price sensitivities.6

By using the three stationary admission policies in Theorem 2.1, we are

able to derive three closed-form objective R∗n, n ∈ N as a function of prices

rl and rh. Next we optimize the prices that maximize the total profit R∗1 in

Problem P1.

5Changing to common nonlinear functions are unlikely to change the key results. This is because the optimal
static pricing can be solved in Proposition 2, even for nonlinear functions, we can still search the optimal static
pricing.

6In practice, the price elasticity parameters can be estimated according to the market survey or historical data
about demand responses (e.g., [42]). By doing multiple independent repeated trials, the operator can estimate
the parameters.
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Proposition 2.2. Consider the case rh/rl ≥ 2pl + (1− pl)/(1− ph), in which

the heavy-priority admission policy is optimal as shown in Theorem 2.1. The

optimal static pricing (r∗l , r∗h) is the optimal solution to the following problem

maximize R∗1(rl , rh), (2.12)

subject to rh/rl ≥ 2pl + (1− pl)/(1− ph), (2.13)

0 ≤ rl ≤ rmax
l , (2.14)

0 ≤ rh ≤ rmax
h , (2.15)

variables rl and rh, (2.16)

where

R∗1(rl , rh) = N

(
plrl + (1− pl)phrh

1− (pl ph − ph)

)

+

(
(pl ph − ph)(rh − plrl)

1− (pl ph − ph)

)
(pl ph − ph)(1− (pl ph − ph)

N)

1− (pl ph − ph)
. (2.17)

The proof of Proposition 2.2 is given in Appendix D of [39]. The same

conclusion holds for the other two cases shown in Theorem 2.1, and the

details are provided in [39]. The function R∗1(rl , rh) turns out to be non-

convex in general, and the optimal prices cannot be solved in closed form.

However, notice that the key benefit of static pricing is that it does not need

to be recomputed and updated frequently over time, thus we can compute

the optimal static prices offline once and the high computational complexity

is not a major practical issue.

2.4 Optimal Dynamic Pricing and Dynamic Admission

In Section 2.3, we have considered the static pricing and dynamic admis-

sion control problem. Now we consider the case of dynamic pricing, where
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the prices vary over time. In the following, we will formulate the dynamic

pricing and dynamic admission control problem, aiming at deriving the

optimal dynamic pricing and admission policies.

2.4.1 Dynamic Pricing and Admission Problem

Now we further study the general case of dynamic pricing, where the

database operator has the flexibility of changing prices over time. The

database operator’s goal is to compute the optimal prices r∗l = {r∗l (n), n ∈
N} and r∗h = {r∗h(n), n ∈ N}, and the optimal admission policy π∗ =

{a∗n(Sn, Xn, Yn), n ∈ N} for all time slots and system states to maximize its

expected profit, i.e.,

P2: Joint Dynamic Pricing and Dynamic Admission

maximize E
π

X ,Y [R(S, X, Y , π, rl , rh)] (2.18)

subject to an(Sn, Xn, Yn)∈An(Sn, Xn, Yn),∀n ∈ N , (2.19)

Sn+1 = (Sn + an(1− Sn)− 1)+, ∀n ∈ N \ {N}, (2.20)

0 ≤ rl(n) ≤ rmax
l , ∀n ∈ N , (2.21)

0 ≤ rh(n) ≤ rmax
h , ∀n ∈ N , (2.22)

variables {π, rl, rh}. (2.23)

We can again use backward induction to solve Problem P2 in each time

slot. Different from Section 2.3, we need to jointly determine the prices

and the admission decisions from time slot N to 1. The subproblem in
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Table 2.3: Three Admission Strategies in Time Slot n

Admission Strategies in time slot n Conditions

Heavy-Priority Strategy (HP):

an = (2− Xn)Yn + Xn

rh(n) + R̄∗n+2≥ rl(n) + R̄∗n+1

Light-Priority Strategy (LP): an =

Xn · 1{Yn=0} + (2−Xn) · 1{Yn=1}
0+R̄∗n+1< rh(n)+R̄∗n+2< rl(n)+R̄∗n+1

Light-Dominant Strategy (LD): an=Xn rh(n) + R̄∗n+2 ≤ 0 + R̄∗n+1

each time slot n ∈ N is

P3: Pricing-and-Admission Subproblem in time slot n

maximize Rn

(
rl(n), rh(n), an(Sn, Xn, Yn)

)
(2.24)

subject to an(Sn, Xn, Yn) ∈ An(Sn, Xn, Yn), (2.25)

0 ≤ rl(n) ≤ rmax
l , (2.26)

0 ≤ rh(n) ≤ rmax
h , (2.27)

variables {an(Sn, Xn, Yn), rl(n), rh(n)}. (2.28)

The expression of Rn can be similarly derived by using the derivation pro-

cedure of (2.9), except that the demand probabilities pl and ph are functions

the prices rl(n) and rh(n), i.e., pl(rl(n)) and ph(rh(n)), respectively. The key

challenge of solving Problem P3 is the coupling between the pricing and

admission decisions in each time slot. Next, we will propose a decomposi-

tion approach that helps us solve Problem P3 in each time slot n.

2.4.2 Decomposition of Pricing and Admission

First we want to clarify the difference between an admission strategy and

an admission policy. An admission strategy specifies the admission actions

for a particular time slot n, while an admission policy applies to all time

slots in N (e.g., those in Table 2.2). Here we will focus on the admission
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strategy, as we only study Problem P3 for a particular time slot n.

Next we consider all possible admission control strategies for a time slot

n, as shown in Table 2.3. In this table, HP stands for heavy-priority strat-

egy, LP stands for light-priority strategy, and LD stands for light-dominant

strategy. Each strategy is accompanied by a condition of the total profit

from time slot n to N. The strategy is optimal for time slot n if the corre-

sponding condition holds.

Let us take the heavy-priority strategy (HP) as an example to explain

our decomposition approach. In this strategy, we will serve a heavy-traffic

SU (an = 2) whenever possible (Yn = 1), and only serve a light-traffic SU

(an = 1) if there is no heavy-traffic SU (Xn = 1 and Yn = 0). Summa-

rizing these cases together, the decision under the heavy-priority strategy

can be written as an = (2− Xn)Yn + Xn. The corresponding condition for

the heavy-priority strategy in Table 2.3 shows that the total profit of admit-

ting a heavy-traffic SU is no less than that of admitting a light-traffic SU.

The conditions for the other two admission strategies (LP and LD) can be

derived similarly.

Using the result in Table 2.3, we can solve Problem P3 in the following

two steps:

• Price optimization under a chosen admission strategy: Assume that one of

the three admission strategies in Table 2.3 will be used in time slot

n, we optimize prices rl(n) and rh(n) to maximize the expected total

profit.

• Admission strategy optimization: Compare the maximized expected total

profits (from slot n to N) under the three admission strategies with

the optimized prices, and pick the best admission strategy and pricing

combination that leads to the largest profit.
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Notice that the above decomposition method is for each time slot n ∈
N . The above decomposition procedure guarantees that we obtain the

optimal solution of the joint problem P3 for the following reason. First,

the three possible admission strategies in each time slot are exhaustive and

mutually exclusive, in the sense that the optimal pricing decision in time

slot n guarantees that there is only one strategy that is optimal to adopt in

this time slot, depending on the conditions in Table 2.3. Second, if one-out-

of-the-three admission strategies is optimal to adopt in time slot n, there

must exist an associated optimal pricing accordingly that maximizes the

total profit. We thus conclude that the two-step decomposition procedure

is guaranteed to solve Problem P3 optimally.

Next, we will derive the closed-form optimal pricing under each of the

three admission strategies, respectively. We will conduct the admission

strategy optimization in Subsection 2.4.3.

2.4.2.1 Optimal Pricing under Heavy-Priority Strategy

Given HP strategy chosen in time slot n, we derive the expected total profit

RHP
n

(
rHP

l (n), rHP
h (n)

)
by setting an = 2 and an = 2 in the last two terms

of (2.9), respectively, where the probabilities pl(r
HP
l (n) and ph(r

HP
h (n)) can

also be modeled as the linear function in Subsection 2.3.4. Notice that the

database operator may not always use HP in future time slots.

In order to optimize the prices, the database operator needs to solve the
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following problem.

P4: Optimal Pricing for time slot n under HP

maximize RHP
n

(
rHP

l (n), rHP
h (n)

)
(2.29)

subject to rHP
h (n) + R̄∗n+2 ≥ rHP

l (n) + R̄∗n+1, (2.30)

0 ≤ rHP
l (n) ≤ rmax

l , (2.31)

0 ≤ rHP
h (n) ≤ rmax

h , (2.32)

variables rHP
l (n) and rHP

h (n). (2.33)

Constraint (2.30) guarantees that the heavy-priority admission strategy is

optimal in time slot n, where R̄∗n+2 and R̄∗n+1 are determined by the optimal

solutions to Problem P3 in time slots n + 2 and n + 1. Since the optimiza-

tion problem P4 is a continuous function over a compact feasible set, the

maximum is guaranteed to be attainable. It is easy to show that Problem

P4 is not a convex optimization problem due to the three-order polyno-

mial objective function. Thus, a solution satisfying KKT conditions may be

either a local optimum or a global optimum. Hence, we need to find all

solutions satisfying KKT conditions, and then compare these solutions to

find the global optimum.

We will first examine the feasible region of Problem P4 based on any

possible prices rHP
l (n) and rHP

h (n). It turns out that the feasible region

is a polyhedron in a two-dimensional plane. Fig. 2.3 shows the feasible

region. According to the value of rmax
h , the feasible region has two possible

cases. The optimal solution can only be either the interior points inside

the feasible region or the extreme points on the boundary. As such, we

only need to check whether all the possible extreme points and the interior

points satisfying KKT conditions are local optima. We skip the details

(which can be found in [39]), and summarize the optimal pricing results in
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rHP
h (n)

rHP
l (n)

rHP
h (n) = rHP

l (n) + R̄∗n+1− R̄∗n+2

small rmax
h

large rmax
h

rmax
l

0

F
F

Figure 2.3: The feasible region F of Problem P4. There are two possible shapes according
to the values of rmax

h . The interior points, the red dots, and the line segments between
them are all possible solutions.

the following proposition.

Proposition 2.3. The optimal pricing in time slot n under the HP strategy is sum-

marized in Table 2.4, which depends on the values of R̄∗n+1− R̄∗n+2 and kh/kl . The

closed-form optimal pricing solutions in Table 2.4 are given as follows, respectively,

IHP
0 :





rHP
l (n) = 1

2kl

rHP
h (n) =

(
1

4kl
+ 1

kh
+R̄∗n+1−R̄∗n+2

)

2

,

EHP
2 :





rHP
l (n) = 1

kh
+ R̄∗n+2− R̄∗n+1

rHP
h (n) = 1

kh

,

and EHP
1 :





rHP
l (n) =

−(R̄∗n+1−R̄∗n+2)+
√
(R̄∗n+1−R̄∗n+2)

2+ 3
klkh

3

rHP
h (n) =

2(R̄∗n+1−R̄∗n+2)+
√
(R̄∗n+1−R̄∗n+2)

2+ 3
klkh

3

.

The proof of Proposition 2.3 is given in Appendix E of [39]. In Ta-

ble 2.4, IHP
0 , EHP

1 , and EHP
2 represent the unique optimal solution in dif-

ferent cases (i.e., one interior point solution and two extreme point so-
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Table 2.4: Optimal Pricing under Heavy-Priority Strategy

R̄∗n+1 − R̄∗n+2

≤ 4kl−3kh
4khkl


 4kl−3kh

4khkl
,

2−
√

1+
kh
kl

kh


 ≥

2−
√

1+
kh
kl

kh

kh
kl

<
4
3 IHP

0 EHP
1 EHP

2

4
3 ≤

kh
kl

< 3 N/A EHP
1 EHP

2
kh
kl
≥ 3 N/A N/A EHP

2

lutions). “N/A” represents the cases where the combinations of condi-

tions are infeasible. For example, when 4/3 ≤ kh/kl < 3, it follows that

R̄∗n+1 − R̄∗n+2 > (4kl − 3kh)/(4khkl); when kh/kh ≥ 3, we have R̄∗n+1 −
R̄∗n+2 ≥ (2−√1 + kh/kl)/kh . Hence, the corresponding cell is labeled as

“N/A”.

Tables 2.4 shows the optimal dynamic pricing in each time slot n under

the HP strategy. Given the demand elasticities kl and kh, the solution will

be uniquely given by one of the three cases of R̄∗n+1 − R̄∗n+2 regimes. In

Subsection 2.4.3, we will propose an algorithm to compute R̄∗n+1 − R̄∗n+2

iteratively for all time slots.

2.4.2.2 Optimal Pricing under Light-Priority Strategy

Given LP strategy chosen in time slot n, we derive the expected total profit

RLP
n

(
rLP

l (n), rLP
h (n)

)
by setting an = 2 and an = 1 in the last two terms

of (2.9), respectively. The database operator needs to solve the following
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problem.

P5: Optimal Pricing for time slot n under LP

maximize RLP
n

(
rLP

l (n), rLP
h (n)

)
(2.34)

subject to rLP
h (n) + R̄∗n+2 ≤ rLP

l (n) + R̄∗n+1, (2.35)

rLP
h (n) + R̄∗n+2 ≥ R̄∗n+1, (2.36)

0 ≤ rLP
l (n) ≤ rmax

l , (2.37)

0 ≤ rLP
h (n) ≤ rmax

h , (2.38)

variables rLP
l (n) and rLP

h (n). (2.39)

Constraints (2.35) and (2.36) guarantee that the light-priority strategy is

optimal in time slot n.

The analysis for Problem P5 is similar to that for Problem P4, due to the

similar structures of the two problems. We thus have Proposition 2.4 as

follows.

Proposition 2.4. The optimal solution to Problem P5 can also be summarized in

a table as in Table 2.4, only with different conditions in the rows and the columns

and expressions of ILP
0 , ELP

1 and ELP
2 .

The proof of Proposition 2.4 and the detailed solutions can be found in

Appendix F of [39].

2.4.2.3 Optimal Pricing under Light-Dominant Strategy

Given LD strategy chosen in time slot n, we derive the expected total profit

RLD
n

(
rLD

l (n), rLD
h (n)

)
by setting an = 0 and an = 1 in the last two terms

of (2.9), respectively. The database operator needs to solve the following
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problem.

P6: Optimal Pricing for time slot n under LD

maximize RLD
n

(
rLD

l (n), rLD
h (n)

)
(2.40)

subject to rLD
h (n) + R̄∗n+2 ≤ 0 + R̄∗n+1, (2.41)

0 ≤ rLD
l (n) ≤ rmax

l , (2.42)

0 ≤ rLD
h (n) ≤ rmax

h , (2.43)

variables rLD
l (n) and rLD

h (n). (2.44)

Unlike the HP and the LP cases, we can derive the optimal prices under

LD in closed-form.

Proposition 2.5. The optimal prices in time slot n under the LD strategy are

given by the interior point solution ILD
0 :

rLD
l (n) =

1

2kl
and rLD

h (n) = min(R̄∗n+1 − R̄∗n+2, rmax
h ). (2.45)

The proof of Proposition 2.5 is given in Appendix G of [39]. We have an-

alyzed the price optimization under any chosen admission strategy. Next,

we will compare the expected total profits RHP∗
n , RLP∗

n , and RLD∗
n to pick

the optimal pricing-admission strategy.

2.4.3 Optimal Dynamic Pricing and Admission Policies

After deriving the optimal prices under each admission strategy, we can

now compare the corresponding profits and choose the best admission

strategy for time slot n. We need to do this for each of the N time slots.

We show this process in Algorithm 2, which involves the previous solu-

tions (Table 2.4, Proposition 2.4, and Equation (2.45)). More specifically,

the algorithm iteratively computes the prices and profits under the three
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admission strategies, respectively, and then selects the optimal prices and

the corresponding admission strategy which lead to the largest profit (lines

3 to 15). The complexity of Algorithm 2 is low and in the order of the total

time slots O(N), as it only needs to check the tables and Equation (2.45)

we derived. We summarize the optimality result as follows.

Theorem 2.2. The dynamic prices r∗ = {r∗(n), ∀n ∈ N} and the dynamic ad-

mission policy π
∗ = {a∗n(Sn, Xn, Yn), ∀n ∈ N} derived in Algorithm 2 are the

unique optimal solution to Problem P2.

The proof of Theorem 2.2 is given in Appendix H of [39]. Note that the

optimal prices and admission policy form a contingency plan that contains

information about the optimal prices and admission decisions at all the

possible system states (Sn, Xn, Yn) in any time slots n ∈ N . To implement

the optimal policy from time slot 1 to N, the database operator needs to

decide the actual admission actions according to the realizations of ran-

dom demands and the transition of system states. More specifically, at the

beginning of each time slot n, the operator first announces prices r∗(n) ac-

cording to r∗ and checks the actual demands (Xn, Yn). Then, the admission

decisions are determined by checking the optimal policy π∗ and the state

component Sn is updated accordingly.

2.5 Extensions

The analysis of the simplified case in Sections 2.2 to 2.4 paves the way for

the analysis of the general case of multiple types of SUs. Next, we will first

consider the case of arbitrary spectrum occupancies of two SU types, and

then the general case of more than two SU types.
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Algorithm 2 Optimal Dynamic Pricing and Admission Policy

1: Set n = N + 1, R̄∗N+1 = 0

2: Set r∗l (N), r∗h(N) by (2.45) and R̄∗N by R̄LD
N (r∗l (N), r∗h(N)).

3: for n = N − 1, · · · , 2, 1 do
4: Derive rHP∗

l (n), rHP∗
h (n), RHP∗

n by Table 2.4.

5: Derive rLP∗
l (n), rLP∗

h (n), RLP∗
n by Prop. 2.4.

6: Derive rLD∗
l (n), rLD∗

h (n) and RLD∗
n by (2.45).

7: R̄∗n ← max{RHP∗
n , RLP∗

n , RLD∗
n } and r∗l (n), r∗h(n)← arg max{RHP∗

n , RLP∗
n , RLD∗

n }.
8: if r∗l (n), r∗h(n) = rHP∗

l (n), rHP∗
h (n) then

9: The heavy-priority strategy is optimal.
10: else if r∗l (n), r∗h(n) = rLP∗

l (n), rLP∗
h (n) then

11: The light-priority strategy is optimal.
12: else
13: The light-dominant strategy is optimal.
14: end if
15: end for
16: return Pricing-Admission policy r∗ and π∗.

2.5.1 Arbitrary Spectrum Occupancies of Two SU Types

In Sections 2.2 to 2.4, we have assumed that a heavy-traffic SU occupies

2 consecutive time slots. Now we proceed to consider the general case

where a heavy-traffic SU occupies M consecutive time slots. The channel

occupancy of a light-traffic SU is still normalized to a unit time slot. Nat-

urally, we have 2 ≤ M ≤ N. Following similar notations as in Section 2.2,

in order to characterize the spectrum occupancy information over time, we

define Sn as the number of remaining occupied time slots before making the

admission action an in time slot n, where Sn ∈ {0, 1, · · · , M− 1}. At the

beginning of time slot n, we first check the SU occupancy of the current

time slot, i.e.,

Sn =





1, · · · , M− 1, if time slot n is occupied,

0, if time slot n is idle.
(2.46)

For example, if M = 3 and we start admitting a heavy-traffic SU in time

slot n, then Sn+1 = 2, Sn+2 = 1, and Sn+2 = 0. If we define the possible
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admission action as an = 0 (admitting no SU), an = 1 (admitting a light-

traffic SU), and an = M (admitting a heavy-traffic SU), then the dynamics

of the system state in (2.2) still holds here, i.e., Sn+1 = (Sn + an(1− Sn)−
1)+, ∀n ∈ {1, · · · , N − 1}, and we define the whole system state in time

slot n as (Sn, Xn, Yn) similarly as in Section 2.3. The problem formulation

turns out to be the same as Problem P1. As a result, the optimal admission

policy can also be computed similarly as Algorithm 1.

2.5.1.1 Stationary Admission Policy under Static Pricing

When we analyze the static pricing for this general case, a new challenge

is to understand that under which combination of system parameters the

stationary admission policies are optimal, which is different from those

in Subsection 2.3.3. Next we take the “Heavy-Priority Admission Policy”

as an example, and derive the condition of the parameters pl , ph, rl, and

rh, under which the stationary admission policy is optimal under static

pricing.

Proposition 2.6. The optimal policy for solving the profit maximization Problem

P1 degenerates to the heavy-priority stationary admission policy when price ratio

between the heavy-traffic SU and the light-traffic SU is larger than a threshold

θHP
th (pl , ph), i.e.,

rh/rl > θHP
th (pl , ph), (2.47)

where the threshold ratio θHP
th (pl , ph) can be determined by solving the following:

rh + R̄∗n+M = rl + R̄∗n+1, ∀n ∈ {1, 2, · · · , N −M + 1}. (2.48)

The proof of Proposition 2.6 is given in Appendix I of [39]. We give

the proof sketch as follows. First, we derive the expected profit R̄∗n as a

function of rl, rh, pl , ph, given the heavy-priority stationary admission pol-
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icy. Second, we determine rh/rl in terms of pl , ph, and n, by plugging R̄∗n+1

and R̄∗n+M into the condition (2.48), i.e., rh/rl = f (pl , ph, n). Third, we de-

note f (pl , ph, n) as θHP
th (pl , ph, n), and derive the final threshold θHP

th (pl , ph)

by optimizing θHP
th (pl , ph, n) over n ∈ {1, 2, · · · , N − M + 1}. It thus fol-

lows that the heavy-priority stationary admission policy is optimal to solve

the operator’s profit maximization problem if (2.47) holds. Proposition 2.6

shows that our analysis in Section 2.3 also applies to the general case. We

can also derive the threshold condition for the light-priority admission pol-

icy by considering R̄∗n+1 ≤ rh + R̄∗n+M ≤ rl + R̄∗n+1, and the light-dominant

admission policy by considering rh + R̄∗n+M < R̄∗n+1 similarly. The related

analysis are similar to Theorem 2.1.

2.5.1.2 Dynamic Pricing and Performance Evaluation

The analysis under dynamic pricing is also similar to that in Section 2.4,

where we decompose the problem into three subproblems in each time slot.

We show the main result in the following proposition, by focusing on the

heavy-priority strategy for the illustration purpose.

Proposition 2.7. Given an arbitrary value of spectrum occupancy M, the optimal

dynamic pricing under the heavy-priority strategy is the same as that in Proposi-

tion 2.3 and Table 2.4, once we replace R̄∗n+1 − R̄∗n+2 by R̄∗n+1 − R̄∗n+M.

The proof of the proposition is given in Appendix J of [39]. Proposi-

tion 2.7 shows that previous analysis for dynamic pricing can be directly

extended to the arbitrary occupancy case.
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2.5.2 Multiple Types of SUs

2.5.2.1 Model and Problem Formulation

In this subsection, we further extend the analysis in Sections 2.3 to 2.4

and Subsection 2.5.1 to the case with a total of I types of SUs seeking for

spectrum access, including one type of light-traffic SUs and I − 1 types

of heavy-traffic SUs who occupy 2, 3, · · · , I consecutive time slots, respec-

tively. We use I = {1, 2, · · · , I} to denote the set of SU types. To analyze

the stationary admission policy, we need to compare a total of I + 1 admis-

sion choices (including no admission) as in the analysis in Section 2.3 and

Subsection 2.5.1. The difference is that there are two profit constraints for

each policy in Section 2.3 and Subsection 2.5 (e.g., (2.10) and (2.11)), while

there are I + 1 profit constraints here. We continue the procedure and

derive the associated thresholds, then determine the stationary admission

policy by comparing the price relations with those thresholds.

More specifically, we define the prices charged to all types of SUs as

R = {ri, ∀i ∈ I}, where ri is the price charged to a type-i SU for using

the spectrum resource. Let the demand probabilities of all types of SUs

be P = {pi, ∀i ∈ I}, and the realizations of all types of SUs’ demands

in time slot n be X
(i)
n , ∀i ∈ I , n ∈ N . Given ri ∈ R and pi ∈ P , the

expected total profit in time slot n, i.e., Rn(Sn, X
(1)
n , · · · , X

(I)
n , an), is the

summation of the immediate profit (as a result of the immediate action an)

and the expected future profit R̄∗n+1(Sn+1) (if an = 0 with no admission)

or R̄∗n+i(Sn+i) (if an = i, admitting a type-i SU), considering all possible

SU demands (X
(1)
n , · · · , X

(I)
n ) in time slot n, which is similar as (2.9). The

detailed expression can be found in [39].

At the beginning of time slot n, we determine the optimal admission

decision by comparing the total profit of admitting a particular type of SU,
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which involves both the immediate profit ri and the maximum expected

future profit R̄∗n+i(Sn+i). Given SUs’ demands in time slot n, if the optimal

decision is no admission (an = 0) due to a more profitable type of SU

in the next time slot, the total profit in time slot n is 0 + R̄∗n+1(Sn+1). To

summarize, the optimal decision in time slot n is

a∗n = arg max
an∈I∪{0}

{
0 + R̄∗n+1(Sn+1),

(ri + R̄∗n+i(Sn+i)) · 1{X(i)
n =1}, ∀i ∈ I}. (2.49)

The above argument reveals a backward induction algorithm of determin-

ing the optimal admission decision in each time slot, which is similar to

Algorithm 1. We are interested in the optimality of the stationary admis-

sion policies as discussed in Subsection 2.3.3.

2.5.2.2 Stationary Admission Policies under Static Pricing

We first consider a type-i and a type-j SU (i > j > 1) who seek to oc-

cupy arbitrarily consecutive time slots i and j, respectively. In this case,

the priority of admitting a particular type of SUs depends on the values of

ri + R̄∗n+i, rj + R̄∗n+j, and 0+ R̄∗n+1. For a particular time slot n, for example,

if ri + R̄∗n+i > rj + R̄∗n+j > 0 + R̄∗n+1, we prefer to serve the type-i SU type

rather than the type-j SU (i.e., the admission priority follows Λ(i) > Λ(j) >

Λ(0)). By specifying the values of an according to this admission priority

in Rn(Sn, X
(1)
n , · · · , X

(I)
n , an), we determine the differences R̄∗n+j − R̄∗n+i and

R̄∗n+1 − R̄∗n+j similarly as Theorem 2.1 and Proposition 2.6. The thresh-

old that guarantees the condition ri + R̄∗n+i > rj + R̄∗n+j > 0 + R̄∗n+1 can

be derived by solving this condition. Further, by optimizing the derived

threshold over all time slots n ∈ N , we derive the final threshold that guar-

antees the optimality of the admission priority Λ(i) > Λ(j) > Λ(0) for all
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time slots. Hence, this admission priority becomes one of the stationary

admission policies. Similarly, the thresholds for the other five admission

priorities can be determined by solving the corresponding profit condi-

tions.

The above discussions can be generalized to the case of multiple types

of SUs as follows. For a particular time slot n, for example, if the profit

conditions satisfy rI + R̄∗n+I > rI−1 + R̄∗n+I−1 > · · · > r1 + R̄∗n+1 > 0 +

R̄∗n+1, the admission priority follows Λ(I) > Λ(I − 1) > · · · > Λ(1) >

Λ(0). By specifying the values of an according to this admission priority

in Rn(Sn, X
(1)
n , · · · , X

(I)
n , an), we determine the difference R̄∗n+j − R̄∗n+I, ∀j ∈

{1, · · · , I − 1} similarly as Theorem 2.1 and Proposition 2.6, respectively.

We then proceed to derive the thresholds such that the profit conditions

hold for all time slots. These thresholds guarantee that the admission pri-

ority Λ(I) > Λ(I − 1) > · · · > Λ(1) > Λ(0) is optimal for all time slots,

and hence it becomes a stationary admission policy.

Proposition 2.8. Given the set I of I types of SUs, there are (I + 1)! admission

priorities. For each admission priority, there exist thresholds of the price ratios

such that the optimal admission priority for a time slot is optimal for all time slots

(corresponding to an optimal stationary admission policy).

The proof of Proposition 2.8 is given in Appendix K of [39]. Proposi-

tion 2.8 shows that the threshold-based stationary policy still holds in the

general scenario, and there exist (I + 1)! thresholds7 for all types of SUs I ,

which are completely determined by the values of {0+ R̄∗n+1, ri + R̄∗n+i, ∀i ∈
I} in each time slot. Recall that in Subsection 2.3.3, we should have

(2+ 1)! stationary admission policies. However, due to the fact r1 + R̄∗n+1 >

0+ R̄∗n+1, finally we have a total of (2+1)!
2! = 3 stationary admission policies.

7To determine the specific admission strategy (priority) in each time slot, we need to sort the I + 1 profits in
(2.49) to the corresponding order. Hence, we have a I + 1 permutation of I + 1, which involves (I + 1)! admission
strategies (priorities).
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2.5.2.3 Optimal Dynamic Pricing and Dynamic Admission

In the dynamic pricing setting, the joint pricing and admission problem

in time slot n can be formulated similarly as Problem P3 in Section 2.4, by

changing the objective function to Rn(Sn, X
(1)
n , · · · , X

(I)
n , an). Since there are

I + 1 possible profits in (2.49) and we need to determine their value orders,

there are (I + 1)! admission strategies (admission priorities) as in Proposi-

tion 2.8. We follow the same pricing-admission decomposition procedure

to transform the joint problem into (I + 1)! subproblems corresponding to

the (I + 1)! admission strategies in this time slot. As such, we can also

derive the optimal pricing for maximizing the profit in each time slot by

solving those subproblems as we did in Section 2.4, and then choose the

admission strategy that leads to the largest profit as shown in Algorithm 2.

The analysis procedure is identical with that in the previous scenario. The

only difference is that there are I rather than two constraints (profit condi-

tions) in each optimization problem when assuming a particular admission

strategy, hence it will be more complicated to optimize the prices in each

subproblem.

2.6 Simulation Results

In this section, we provide the simulation results to illustrate our key in-

sights regarding the performances of the dynamic admission control under

both static pricing and dynamic pricing. We first illustrate the stationary

admission policies for the dynamic admission control under static pricing

and dynamic pricing, respectively. We then compare the profit improve-

ment of dynamic pricing over static pricing under a wide range of system

parameters.
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Figure 2.4: Optimal choices of admission policies for different values of elasticity pa-
rameters kl and kh. The yellow (Light-Dominant Admission Policy), cyan (Light-Priority
Admission Policy), and blue (Heavy-Priority Admission Policy) regimes represent three
stationary admission policies, i.e., I, II, and IV regimes in Fig. 2.2, respectively. The brown
(Nonstationary Policy) regime requires “Algorithm 1” to compute the optimal policy.

2.6.1 Static Pricing and Stationary Admission Policies

In Subsection 2.3.4, we derived the optimal static pricing by first assuming

that one of the stationary admission policies is optimal. Recall that the

three conditions in Theorem 2.1 are characterized by the price ratio rh/rl .

Given any demand elasticities kl and kh (hence any rh/rl relation with re-

spect to pl and ph), it is natural to ask whether the optimal static pricing

satisfies one of the conditions in Theorem 2.1, so that it is indeed optimal

to choose a stationary admission policy after we optimize the static prices.

Fig. 2.4 illustrates the corresponding result, showing when a stationary

admission control policy is optimal under the optimal static prices for par-

ticular system parameters kl and kh. As we can see, except the small brown

(Nonstationary Policy) regime which corresponds to regime III in Fig. 2.2,

the stationary policies are optimal in most cases.
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Figure 2.5: Optimal admission policies under dynamic pricing over N = 100 time slots.
The yellow (LD Policy and Dynamic Pricing), cyan (LP Policy and Dynamic Pricing), and
blue (HP Policy and Dynamic Pricing) regimes are the three stationary admission policies,
i.e., I, II, and IV regimes in Fig. 2.2, respectively. The brown (Nonstationary Policy) regime
requires Algorithm 2 to compute the optimal policy.

2.6.2 Dynamic Pricing and Stationary Admission Policies

In Subsection 2.4.3, we have shown that in the general case of dynamic

pricing and dynamic admission control, the optimal admission strategies

in different time slots may be different. On the other hand, it would be

interesting to study under what system parameters the optimal admission

decisions of different time slots (under dynamic pricing) will coincide with

one of the stationary admission policies defined in Table 2.2.

Recall that in our system model, as long as we adopt the linear demand

functions, the system only has two parameters kl and kh, and the other

parameters (e.g., probabilities pl and ph) are determined by kl and kh. Fig.

2.5 illustrates the optimal admission and pricing decisions under dynamic

pricing. We can see that the optimal admission strategies in Algorithm 2

degenerate to stationary admission policies in most cases, and it is only

optimal to switch between different admission strategies (HP, LD, and LP)
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in a small regime (the brown regime in Fig. 2.5).

Observation 2.1. Under a wide range of system parameters kl and kh, the optimal

admission decisions developed in Algorithm 2 (with the optimized optimal dynamic

prices) degenerate to stationary admission policies over all time slots.

When the stationary admission policy is optimal, we have the following

claims.

• If light-traffic SUs are much more price-sensitive than heavy-traffic

SUs (i.e., kl is significantly larger than kh), the optimal dynamic pricing

degenerates to the heavy-priority admission policy which is stationary

over time.

• If heavy-traffic SUs are much more sensitive to prices than light-traffic

SUs (kl is significantly less than kh), the optimal dynamic pricing de-

generates to the light-dominant admission policy which is stationary

over time.

• If both light- and heavy-traffic SUs’ sensitivities kl and kh are com-

parable, the optimal dynamic pricing degenerates to the light-priority

admission policy which is stationary over time.

2.6.3 Performance Comparison of Two Pricing Schemes

In addition to the optimal pricing and admission policies, it is also im-

portant to compare the performance of dynamic pricing with that of static

pricing. The key benefit of static pricing is that it does not change over

time. Unlike static pricing, the advantage of dynamic pricing is to achieve

the maximum operator profit. However, dynamic pricing has a higher im-

plementational complexity. Next, we compare the optimal profit of optimal
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Figure 2.6: The profit improvement of dynamic pricing over static pricing for different kl

and kh distributions.

dynamic pricing obtained in Theorem 2.2 with that of optimal static pric-

ing obtained in Subsection 2.3.4. Fig. 2.6 shows the profit improvement of

dynamic pricing over static pricing under different demand elasticity val-

ues (kl and kh). Here, we set the total time slots N = 100, so that the time

horizon is long enough to approximate the time-average performance.

Observation 2.2. As shown in Fig. 2.6, dynamic pricing outperforms static

pricing by more than 30% when both types of SUs are sensitive to prices (i.e., both

kl and kh are high). When both types of SUs are not price-sensitive (i.e., kl and kh

are low), dynamic pricing only leads to limited profit improvement (less than 10%)

than static pricing, and it is better to adopt static pricing due to its low complexity.

The above comparison is based on the assumption that heavy-traffic SUs

request two consecutive time slots. In Section 2.5, we have extended the

model to arbitrary spectrum occupancies. Hence, it is also interesting to

show the comparison with more spectrum occupancies. Fig. 2.7 shows the

profit improvement of dynamic pricing over static pricing with three con-

secutive time slots occupancy of heavy-traffic SUs (M = 3). We can see
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Figure 2.7: The profit improvement of dynamic pricing over static pricing for different kl

and kh distributions. Here, the spectrum occupancy M = 3, while M = 2 in Fig. 2.6.

that dynamic pricing significantly outperforms static pricing when SUs’

demands are highly elastic, which is similar to Observation 2.2. Compar-

ing with Fig. 2.6 with M = 2, the difference here is that a larger value of M

reduces the benefit of dynamic pricing. For example, when kl ∈ (90, 120)

and kh ∈ (60, 70), the profit improvement of dynamic pricing over static

pricing is more than 30% in Fig. 2.6, but is only around 10% in Fig. 2.7.

The intuition is that a larger spectrum occupancy reduces the flexibility

of dynamic pricing, since more slots will be occupied and cannot be dy-

namically allocated to new demands. Consider the extreme case M = N,

then all slots will be occupied when admitting a heavy-traffic SU initially

and dynamic pricing degenerates to static pricing. This implies that as the

channel occupancy gap between the two SU types increases, it becomes

increasingly attractive for the operator to choose the simple static pricing

approach in order to achieve a close-to-optimal profit.



CHAPTER 2. PROFIT MAXIMIZING CROWDSOURCED SPECTRUM SHARING 53

2.7 Chapter Summary

In this chapter, we consider a spectrum database operator’s profit maxi-

mization problem through joint spectrum pricing and admission control.

We incorporate the heterogeneity of SUs’ spectrum occupancy and de-

mand uncertainty into the model, and consider both the static and the

dynamic pricing schemes. In static pricing, we show that stationary ad-

mission policies can achieve optimality in most cases. In dynamic pricing,

we compute optimal pricing through a proper pricing-and-admission de-

composition in each time slot. Furthermore, we show that dynamic pricing

significantly improves profit over static pricing when SUs are sensitive to

the price change. Finally, we show that when the gap of the channel oc-

cupation length between the two types of SUs increases, the profit gap

between static pricing and dynamic pricing shrinks.



Chapter 3

Cost-efficient Peer-to-Peer Mobile

Crowd Sensing

In this chapter, we focus on the cost-efficient crowdsourced network re-

source sharing. In particular, the crowdsourced resource sharing of mobile

devices is a promising way of performing cost-efficient large-scale mobile

sensing, by crowdsourcing to the mobile devices for the embedded sensors

and computing resources. Next, we focus on the economic modeling and

analysis of the cost-efficient peer-to-peer mobile crowd sensing.

3.1 Introduction

3.1.1 Background and Motivations

Mobile Crowdsensing (MCS) has recently emerged as a novel and fast-

growing sensing paradigm, thanks to the proliferation of mobile devices

(e.g., smartphones, tablets, and sensor-equipped vehicles) and their embed-

ded diverse mobile sensors. In MCS, the target sensing data are collected

by a large group of mobile users using their mobile devices. Due to the

low deploying cost and the high sensing coverage, MCS has been imple-

54
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mented in a broad range of applications such as urban dynamic mining,

public safety, and environment monitoring [43–45].

The existing MCS applications mainly rely on the centralized server-

client architecture [46–58], where the participating users (clients) sense and

report the data to a central server, who further processes and distributes the

data to those users who request to access the data. However, the central-

ized architecture may not be suitable for those application scenarios with a

large number of users and/or a large number of data requests, due to the

high operational cost on the server (e.g., for data exchanging, processing,

and storage). For example, Niwa et al. in [59] have illustrated an example

based on real testbed measurements, where 25 million smartphones sense

data simultaneously, each collecting 1 Byte of data every minute and up-

loading to a storage server. In that case, the server needs to have 3Gbps of

communication bandwidth and enough storage to accommodate 1,350GB

per hour (hence 12PB per year), and needs to manage nearly 36 billion

sensor data reports in one hour. Meanwhile, mobile devices are becom-

ing increasingly powerful, and their computation and storage capabilities

are often under-utilized. Furthermore, the emerging peer-to-peer sharing

economy paradigms, in particular, Clone2Clone for smartphone connec-

tion [60] and P2P Cloud [61], enable the efficient peer-to-peer (P2P) data

sharing by leveraging the sensing and processing capabilities of mobile de-

vices. This motivates us to shift part of the computation and storage burden

on the server to the distributed mobile devices, giving rise to a more scal-

able architecture of mobile crowdsensing with P2P data sharing [62–64].

Specifically, in a P2P-based MCS system, the sensing data may not be re-

ported to and saved in the server; instead, they can be saved and processed

in mobile users’ devices distributedly (via some mobile apps or dedicated

middlewares as in [62]) and shared among users directly. The functionality
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S
Query

Server P2P-based Crowdsensing Network

Figure 3.1: P2P-based Mobile Crowdsensing Model. Blue users: sensing data and sharing
data with other users; Green users: requesting data from other users who sense data; Gray
users: doing nothing.

of the server, similar as in traditional P2P networks, is mainly to keep track

of each user’s data occupancy information (e.g., which data she has) and

network connection information (e.g., IP address of each user). With such

information, the server can help users connect and share data with each

other. Moreover, data sharing among users can be done based on the local

interactions (e.g., via WiFi or Bluetooth) when they are close enough, or

directly through the Internet when they are not locally connected.

Fig. 3.1 illustrates such a P2P-based MCS model, where the blue users

sense data and share the sensing data with green users (via local WiFi

or the Internet), and the server is only responsible for the necessary con-

trol signal exchange with users (e.g., establishing a network connection

between users). There are several commercial or demonstrative P2P-based

MCS systems in practice, including MPSDataStore [59], SmartP2P [62, 63],

and LL-Net [64]. The main technical challenges of deploying such a sys-

tem include tracking the data stored in mobile devices efficiently and con-

ducting the on-demand requests scheduling and sensor data transmission

effectively.

Several recent works have been devoted to studying the scalable system

design for P2P-based MCS, by using the hierarchical structure and dis-

tributed data sharing among mobile devices [65–70]. The key idea is to
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offload some or all of the computation and storage requirements to mobile

devices. However, these studies focused only on the technical issues in

P2P-based MCS such as how to store data distributedly and how to search

the distributed data efficiently, and none of them considered the economics

issues in such a system. Due to the cost involved in data sensing and shar-

ing, users may not have incentives to collaborate with each other without

proper economic incentives. This motivates our study of the economic in-

centive issue in the P2P-based MCS system here.

We would like to emphasize that the incentive mechanisms for tradi-

tional P2P content distribution systems (e.g., [71–73]) are not directly ap-

plicable for the P2P-based MCS system. First, traditional P2P systems usu-

ally assumed that users (peers) are endowed with different contents ex-

ogenously, and focused on the distribution of contents among users. In

our P2P-based MCS system, however, a distinctive feature is the joint con-

sideration of the endogenous data generation (sensing) and distribution

(sharing). This will significantly complicate the incentive design, as users

have more than one way to obtain data, i.e., sensing themselves and re-

questing from others. Second, traditional P2P systems usually assumed

that each content is associated with a fixed quality. In our P2P-based MCS

system, however, a data can be selectively collected with different quali-

ties. In reality, the population of mobile devices, the type of data each

can produce, and the quality in terms of accuracy depend on many factors

such as the user mobility, the communication channel variation, the device

state (e.g., energy level), and the user preference [9]. This heterogeneity in

terms of mobile devices and their users’ preferences leads to the tradeoff

between data quality and resource consumptions. For example, location

data can be obtained through using GPS, WiFi, and cellular networks, with

decreasing levels of accuracy. Compared to WiFi and cellular networks,
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continuous GPS location sampling provides the most accurate location in-

formation, while draining the battery faster. Hence, the consideration of

data quality and the associated cost is very important for designing good

incentive mechanisms to lead to good overall system performance [74–79].

The key difference is that we consider the novel peer-to-peer data sharing

scenario to save the crowdsensing server congestion cost, while the above

works [74–79] require the server-customer service interaction without data

sharing among users on the network edge. Such a model difference leads

to very different modeling, analysis, and solution.

3.1.2 Solutions and Contributions

In this chapter, we focus on the incentive design and economic analysis for

the P2P-based MCS system with the quality-aware data sharing. To achieve

this goal, we propose a quality-aware data sharing market, where each

user can choose to be a data sensor, sensing data with a specified quality

and sharing the data with others (with certain reward), or a data requester,

requesting data of the desired quality from a data sensor (with certain

payment) instead of sensing data by herself. Obviously, data sensors are

sellers and data requesters are buyers in the data sharing market.

We aim to answer the following two important questions in such a data

sharing market:

• How to design proper market mechanisms to incentivize users to par-

ticipate in the P2P-based MCS system and choose the desirable behav-

iors?

• What is the equilibrium point of such a data market?

The former one is related to the mechanism design, i.e., designing the rules

of the market. The latter one is related to the game theoretical analysis, i.e.,
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studying how the market would evolve under the proposed rules.

First, we propose a general pricing scheme for the data sharing (trading)

among data sensors (sellers) and data requesters (buyers), which combines

both the revenue sharing scheme and the quality-based pricing scheme. With

the proposed pricing scheme, the reward for a data sensor from selling

data to a data requester consists of (i) a portion of the total benefit that the

requester achieves (from consuming the data), and (ii) a quality-aware data

price.

Then, we perform the game-theoretical analysis for the data sharing

market under the proposed pricing scheme. In particular, we analyze the

user behaviors and strategic interactions under the above pricing scheme

systematically, for both scenarios of the quality-unaware data sharing and

the quality-aware data sharing (capturing whether the data can be sensed

and sold in different qualities). We characterize the conditions for the mar-

ket equilibrium, and prove the existence and uniqueness of the equilib-

rium. We further propose a generalized best response iterative algorithm

that guarantees to converge to the market equilibrium.

Finally, we further model and analyze the cross-quality data sharing,

where a high quality data can be transformed into a low-quality one and

shared with a low-quality data requester. This is quite often in practice,

as most data (e.g., photo or video) can be easily transformed to a lower

quality one through down sampling. We analyze how the cross-quality

sharing in P2P-based MCS affects the user behaviors as well as the market

equilibrium.

The main results and key contributions of this chapter are summarized

as follows.

• Novel P2P-based MCS Model: To our best knowledge, this is the first

work that comprehensively analyzes the economic incentive issue in



CHAPTER 3. COST-EFFICIENT PEER-TO-PEER MOBILE CROWD SENSING 60

an MCS system with P2P-based data sharing, which is important for

addressing the increasingly important scalability issue in MCS sys-

tems.

• Market Mechanism Design and Game-theoretical Analysis: We propose a

quality-aware data sharing market, together with a general data pric-

ing scheme, and analyze the user behavior and market equilibrium

systematically from the game-theoretical perspective. Such an equilib-

rium analysis can help us to understand how the market evolves and

what is the likely market outcome.

• Observations and Insights: Our results show that the ratio of the equi-

librium social welfare to the maximum social welfare benchmark in-

creases with the data transmission cost and decreases with the data

trading price, which implies that the P2P-based MCS model is most ef-

fective when the transmission cost is high and the trading price is low.

We further show that the cross-quality sharing will drive more data

sensors to sense the higher quality data, yet it does not have a signif-

icant impact on the data requesters’ quality selections or the achieved

equilibrium social welfare, comparing with the scenario where cross-

quality data sharing is not allowed.

The rest of the chapter is organized as follows. In Section 3.2, we present

the system model. In Section 3.3, we analyze the quality-unaware game

equilibrium. In Section 3.4, we analyze the quality-aware game equilib-

rium. In Section 3.5, we analyze the quality-aware game equilibrium with

cross-quality data sharing. We present the simulation results in Section 3.6

and summarize the chapter in Section 3.7.
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3.2 System Model

In this section, we first introduce the network, data, and user models. Then,

we provide the pricing scheme and model the corresponding users’ payoffs.

Finally, we formulate the users’ strategic interactions as a non-cooperative

game.

3.2.1 Network Model

We consider a quality-aware P2P-based MCS with a set N = {1, · · · , N}
of mobile users, who can sense some data in a certain area and share the

sensing data with each other in a distributed P2P manner. Each data refers

to a piece of specific information at a particular location and time.1 Each

user has the potential to sense a specific area consisting of one or multiple

data, depending on factors such as her mobility, device type, and energy

budget. We consider a set I = {1, · · · , I} of different data, which can be

used by one or multiple sensing applications. We consider multiple data

markets corresponding to multiple locations, each of which runs indepen-

dently at the same time. Hence, we focus on the operation of a single data

market at a single location. The data i ∈ I is associated with a weight wi,

capturing the importance of the data. For example, a hotspot data often

has a larger weight than a non-hotspot data.2

Each user can obtain her interested data in two ways: (i) acting as a

data sensor and sensing data directly, or (ii) acting as a data requester and

requesting data from a data sensor. The latter case may happen when the

user is not able to sense the data by herself (e.g., due to the mobility or

1For example, the data can be the cellular/WiFi signal strength of a particular region in OpenSignal [44].
Users can obtain such data by sampling the cellular/WiFi interfaces of their mobile devices. However, constantly
sampling will incur a high battery consumption of the mobile device. If another user has already sensed the
signal strength with a more energy-efficient device, a rational user would prefer to request the data from the
energy-efficient device rather than sense by herself.

2Here, hotspot means that some data at a particular location and time are more critical to users, e.g., the
crowdedness of a shopping mall at weekend or a key road segment on a weekday.
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device capability constraint), or when the user’s sensing cost is very large

(e.g., due to the energy budget constraint). The data sharing among a data

sensor and requester can be based on local WiFi or Bluetooth connections or

the Internet connection.3 To facilitate such data sharing, the server needs to

keep track of each user’s network connection information (e.g., IP address)

and data occupancy information (e.g., which data she has) similar as in the

traditional P2P system [71–73]. Note that the server does not need to store

and process the sensing data. All the data processing and aggregations will

be conducted by the associated apps on the mobile devices.

3.2.2 Data Quality

A data can be captured by different qualities (e.g., a photo can be captured

by different resolutions). Similar as in [75], we consider that each data

has K types of discrete quality grades, indexed by K = {1, · · · , K}. Let

qk ∈ Q , {qk : k ∈ K} denote the k-th quality for the data. Without loss of

generality, we assume that 0 < q1 < · · · < qK. The quality of a user’s data

can be effectively inferred by using similar methods in [74–76].

In general, a user needs to consume more resources (hence incurs a

higher sensing cost) for sensing a data with a higher quality. Due to the

user heterogeneity, different users may incur different sensing costs for

sensing the same data with the same quality. Moreover, a user often prefers

a data with a higher quality than with a lower quality. Similarly, different

users may have different personal preferences for the same data with the

same quality.

3Our model shares some similarity with the CrowdWatch model in [65], with the key idea of leveraging
on-demand data sharing among mobile devices to alleviate the burden of the server. The key difference is
that [65] is a system paper without theoretical analysis, and only considers local data sharing using short-range
communications. Hence, the encounter probability of users needs to be modeled if we aim to analyze the system;
Unlike [65], our theoretical analysis also allows the remote data sharing through the Internet for common data
interests, and this feature is characterized by the transmission cost in our model.
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3.2.3 User Model

When user n ∈ N obtains the data i ∈ I of quality qk (through either

sensing or purchasing the data), she obtains a utility of uni(qk). In this

work we adopt the following linear value function:

uni(qk) = vni · f (qk), (3.1)

where vni is a factor evaluating the user’s preference for different qualities,

and f (·) is an increasing function of qk.

A user incurs a cost when sensing data. Let bni(qk) denote user n’s

sensing cost for sensing the data i ∈ I with quality qk. In this chapter, we

adopt the following linear sensing cost function:

bni(qk) = cni · g(qk), (3.2)

where cni is a factor evaluating the user’s sensing cost for different quali-

ties, and g(·) is an increasing function of qk.

Furthermore, when sharing data between two users (i.e., a sensor and a

requester), there will be some data transmission cost, mainly including the

data upload cost (to the Internet) for the sensor and the data downloading

cost (from the Internet) for the requester. For convenience, we assume that

on average, all users have the same data uploading cost cup and download-

ing cost cdl for any data with any cost. Hence, the total transmission cost

for the sharing of one data between two users is

s = cdl + cup. (3.3)

This is reasonable when different data with different qualities have ap-

proximately the same size, hence leads to the same transmission cost when
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sharing between users. In the future we will consider the case where qual-

ity has a significant impact on the data size and hence the data transmission

cost.

Based on the above, we can see that each user n can be fully char-

acterized by the sensing cost factors {cni, ∀i ∈ I} and the value factors

{vni, ∀i ∈ I}, as all other parameters (e.g., s, f (·), and g(·)) are identical

for all users. Without loss of generality, in the following analysis, we fo-

cus on the operation for a particular data i ∈ I .4 Hence, each user n can

be fully characterized by a sensing cost evaluation factor cni and a value

evaluation factor vni.

3.2.4 Pricing Scheme

When a data sensor shares the sensing data with a requester, the requester

needs to pay the sensor. Such a compensation can be related to the benefit

that the requester achieves (from consuming the data) or the cost that the

sensor incurs (for sensing the data). The former one corresponds to the

revenue sharing scheme, and the latter one corresponds to the quality-based

pricing scheme, both widely used in reality [31].

In this chapter, we adopt a general pricing scheme, which combines

both the revenue sharing scheme and the quality-based pricing scheme.

Formally,

Definition 3.1 (General Pricing Scheme). Suppose that a data requester achieves

a total benefit z from the data with quality qk. Then, the requester will pay the cor-

responding data sensor

z · (1− η) + p · h(qk), (3.4)

4In this chapter, we do not consider the correlation across different data. This is often true for the applications
with a low data correlation (e.g., taking photos of different buildings at different locations). In a more general
case where the application requires correlated data across different locations and times (e.g., the air quality of a
city during a day), we need to consider the sharing of different data jointly. We will leave this analysis in our
future work.
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Table 3.1: Key Notations in Chapter 3

Symbols Physical Meaning

N = {1, · · · , N} Set of mobile users

I = {1, · · · , I} Set of data

K = {1, · · · , K} Set of data quality types

Q = {qk : k ∈ K} Set of data qualities

uni(qk) Value of user n with quality qk for data i

bni(qk) Sensing cost of user n with qk for data i

vni or v Marginal user value with respect to data quality

cni or c Marginal sensing cost with respect to data quality

s Total transmission cost of sharing one data item

η Revenue sharing factor

p · h(qk) Quality-based pricing

x ∈ {s, r, a} Users’ roles as sensor, requester, and alien

πvc(x, qk) User payoff choosing role x and quality qk

Φk Average sharing benefit of a sensor choosing quality qk

Ss

k , Sr

k , and Sa Sets of sensors with qk, requesters with qk, and aliens

Bse

k Total sharing benefit provided by all requesters with qk

Nse

k Total number of users choosing to be sensors with qk

Λk(Φ) Functions of Φk to compute the equilibrium of Φk

where η ∈ [0, 1] is the revenue sharing factor, h(qk) is an increasing function of

qk, and p · h(qk) is the quality-aware price.

It is easy to see that the above pricing scheme includes both the pure

revenue sharing scheme (with p = 0) and the pure quality-based pricing

scheme (with η = 1) as special cases. The key notations in this chapter are

listed in Table 3.1.

3.2.5 User Behavior

To obtain the data (a data i ∈ I), a user can choose to be a data sensor (who

senses the data directly) or a data requester (who requests the data from a

sensor). The user can also choose to be an alien (who neither senses nor
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requests data). More specifically,

• Sensor: As a data sensor, the user senses the data directly with a spec-

ified quality qk ∈ Q with some sensing cost (e.g., the energy cost).

Meanwhile, the user can potentially share (sell) the sensing data with

others to obtain some reward;

• Requester: As a data requester, the user requests data with a desirable

quality qk ∈ Q from a sensor who has sensed the data already. Such

sharing introduces some data transmission cost. The requester needs

to bear all of the transmission cost, and provide some additional re-

ward to the sensor.

• Alien: As an alien, the user neither senses the data nor requests data

from others. This may occur when the user is not interested in the

data or the cost of obtaining the data is too high.

It is notable that a user can choose different roles for different data, e.g., be

a data sensor for one data while a data requester or alien for another data.

Without loss of generality, we consider a generic user n ∈ N (for data

i). For presentation convenience, we omit the subscripts n and i whenever there

is no confusion, hence we can write the parameters cni and vni as c and v,

respectively. As mentioned previously, users are fully characterized by c

and v, and different users may have different c and v. For convenience, we

will use (v, c) to characterize the user type. For simplicity, we assume that

both v and c follow independent uniform distributions over [0, 1] across all

users, and denote the joint distribution by ζvc(v, c).5

5The assumption of the uniform distribution is mainly used for deriving analytical solutions and obtaining
clear insights. Our analysis procedure is still applicable under more general distributions of v and c, but we may
not obtain closed-form solutions. Sometimes it is possible to prove the properties under general distribution
using implicit function theorem (such as in our earlier work [29]), but more often we need to rely on numerical
methods to understand the existence and uniqueness of the game equilibrium.
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Let x ∈ {s, r, a} denote the role that a user chooses for the data i ∈ I ,

where

• x = s: a sensor for the data;

• x = r: a requester for the data;

• x = a: an alien for the data.

Note that when the user chooses to be a sensor or requester for the data,

she needs to further select a quality qk for the data. We denote πvc(x, qk)

as the payoff of a type-(v, c) user when choosing a role x and a quality

qk. Note that users’ decisions are coupled. We keep the notation πvc(x, qk)

for simplicity and present the detailed dependence relationship next. The

objective of the user is to make the proper decision on x and qk to maximize

her payoff.

Next we provide the formal definition for the user payoff πvc(x, qk) un-

der different choices of x and qk.

3.2.5.1 Sensor

When choosing to be a sensor (i.e., x = s) with a quality qk, the user can

achieve a direct benefit from the data based on (3.1) and (3.2), i.e.,

Us

vc(qk) = w · v · f (qk)− c · g(qk), (3.5)

where the first term denotes the user utility for the data, and the second

term denotes the sensing cost for the data.

Moreover, the sensor can also share the data with requesters to get some

sharing benefit. Let Φk denote the average sharing benefit of a sensor choos-

ing quality qk. Then, the payoff of a type-(v, c) sensor choosing quality qk
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can be defined as:

πvc(s, qk) = Us

vc(qk) + Φk. (3.6)

Obviously, the payoff of a sensor greatly depends on the average sharing

benefit Φk that she can achieve. We will provide the detailed analysis for

Φk in Sections 3.3.1 and 3.4.1.

3.2.5.2 Requester

When choosing to be a requester (i.e., x = r) with a quality qk, the user

obtains the data from a sensor who has sensed the data with quality qk

already. The requester can achieve a direct benefit from the data:

Ur

vc(qk) = w · v · f (qk)− s, (3.7)

where the first term denotes the user utility for the data, and the second

term denotes the data transmission cost (including both the uploading cost

of the sensor and the downloading cost of the requester) that the requester

bears.

Moreover, the requester needs to provide some reward to the sensor,

denoted as βvc(qk). Based on the pricing scheme in (3.4), we have:

βvc(qk) = Ur

vc(qk) · (1− η) + p · h(qk), (3.8)

where the first term denotes the benefit that the requester shares with the

sensor, and the second term denotes the quality-based price for the data.

Based on the above, the payoff of a type-(v, c) requester choosing quality
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qk can be defined as:6

πvc(r, qk) = Ur

vc(qk)− βvc(qk). (3.9)

It is easy to see that a requester does not care about which sensor is

sharing the data with her, due to the assumption of the identical data trans-

mission cost among any pair of users. In the case that there are multiple

sensors holding the desired data of a requester, the server will pick a sensor

uniformly at random.

3.2.5.3 Alien

When choosing to be an alien (i.e., x = a), the user neither senses the

data nor requests the data from a sensor. Thus, the payoff of an alien is

normalized to zero, i.e.,

πvc(a) = 0. (3.10)

Notice that a user’s payoff depends not only on her own choice but also

on other users’ choices. Each user optimizes her decisions on x and qk to

maximize her payoff, taking into account other users’ decisions. Such a

strategic interaction can be modeled by a non-cooperative game. Next, we

present the detailed game formulation.

3.2.6 Game Formulation

We model the interactions of users (for the data i ∈ I) as a non-cooperative

game, called the CSRS (CrowdSensing Role Selection) game. Specifically,

the CSRS game consists of

6We have assumed that requesters cannot benefit from sharing, due to the time involved for requesters to
obtain the data. That is, the value of the data will decrease after a requester obtains the data. This is reasonable
due to the timeliness of the sensory data, which is very important in some mobile crowdsensing applications,
e.g., the WiFi/cellular signal strength at a hotspot at a particular time [44].
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• Players: A set N = {1, · · · , N} of mobile users, each associated with a

type-(v, c);

• Strategies: A set of 2K + 1 available choices {(s, qk), (r, qk), a, ∀k ∈ K}
for each player;

• Payoffs: The user payoffs under different choices are defined in (3.6),

(3.9), and (3.10).

For analytical convenience, we assume that the number of users N is

very large, such that the impact of a single user’s choice on the whole

population can be ignored. This assumption is mainly used for obtaining

the closed-form result, and is also referred to as the “non-atomic user”

assumption in the literature [80]. The non-atomic user game provides the

asymptotic result that often well approximates a practical system even with

not so large number of users. The related solution concept is often called

Wardrop equilibrium [80], which is usually easier to compute than Nash

equilibrium, yet is a good approximation for Nash equilibrium [80]. We

will henceforth focus on the concept of Wardrop equilibrium in this chap-

ter.

In the following, we will first study the quality-unaware CSRS game

in Section 3.3, where each data is associated with a single quality. Then,

we will further study the general scenario of quality-aware CSRS game in

Section 3.4, where each data has different versions of different qualities.

3.3 Game Equilibrium Analysis

In this section, we study the equilibrium of the CSRS game in the scenario

without data quality-awareness, where each data is associated with a fixed

quality q. As a result, we omit the quality index k in Section 3.3. Hence,
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each user has three choices: acting as a sensor or requester (with the given

quality q), or acting as an alien.

In this case, the data value v · f (q) in (3.1) and the sensing cost c · g(q)
in (3.2) are both constants under a fixed user type-(v, c). The quality-based

price p · h(q) in (3.4) is also a constant. Without loss of generality, we

normalize f (q) = g(q) = h(q) = 1. Hence, the data value is v, the sensing

cost is c, and the quality-based price is p. Furthermore, the user payoffs

defined in (3.6) and (3.9) can be rewritten as:

πvc(s) = w · v− c + Φ, (3.11)

πvc(r) = η · (w · v− s)− p. (3.12)

In addition, the reward defined in (3.8) can be rewritten as:

βvc = (1− η)(w · v− s) + p. (3.13)

Accordingly, the user type can be equivalently defined as the data value v

and the sensing cost c, also denoted by (v, c). Moreover, the strategy of a

type-(v, c) user can be written as x(v, c) ∈ {s, r, a}, as the quality choice is

fixed at q.7

We start from analyzing the best response for each user under a partic-

ular market state, which defines the market shares of different user roles

(i.e., sensors, requesters, and aliens). Then, we further capture the stable

market shares that correspond to the game equilibrium.

In the following, we first provide the formal definition for the game

equilibrium with undifferentiated data quality.

Definition 3.2 (Game Equilibrium). A strategy profile {x∗(v, c), ∀v, c} is an

7Here, we focus on deriving the symmetric equilibrium, where the users with the same type will always
choose the strategy.
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equilibrium of the game, if and only if

πvc(x
∗(v, c)) ≥ πvc(x), ∀x ∈ {s, r, a}, (3.14)

for the whole user population with any type-(v, c).

Given a strategy profile {x(v, c), ∀v, c}, the market will be partitioned

into three parts, each corresponding to one choice of role in {s, r, a}, which

we call the market state. Let market shares (Ss,Sr,Sa) denote the set of

users choosing to be sensors, requesters, and aliens. Then, we have Ss =

{(v, c) : x(v, c) = s}, Sr = {(v, c) : x(v, c) = r}, and Sa = {(v, c) :

x(v, c) = a}.
In what follows, we will first derive the average sharing benefit of a sen-

sor, i.e., Φ. Then, we will analyze the user best response and characterize

the game equilibrium.

3.3.1 Derivation of Average Sharing Benefit

Recall that the sharing benefit provided by a requester with type-(v, c) is

βvc(q) defined in (3.13). Thus, given market shares (Ss,Sr,Sa), the total

sharing benefit provided by all requesters in Sr can be computed by

Bse =N
∫∫

Sr

βvc(q) · ζvc(v, c)dvdc. (3.15)

Furthermore, the total number of sensors in Ss is

Nse = N
∫∫

Ss

ζvc(v, c)dvdc. (3.16)

As mentioned previously, all requesters’ data requests will be distributed

among all sensors (with the desired data) randomly and uniformly. Thus,
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the average sharing benefit Φ that each sensor can achieve is

Φ =
Bse

Nse
=

∫∫
Sr
[(1− η)(w · v− s) + p] · ζvc(v, c)dvdc∫∫

Ss
ζvc(v, c)dvdc

. (3.17)

3.3.2 Users’ Best Responses

Now we show how users update their actions based on the best responses,

under an existing market share distribution (Ss,Sr,Sa). This shows how

the market evolves starting from any initial market shares. Later in Subsec-

tion 3.3.4, we will propose a dynamic system that converges to the equilib-

rium.

A type-(v, c) user will choose to be a sensor (i.e., x(v, c) = s), if her

payoff as a sensor is higher than that as a requester or alien, i.e., πvc(s) >

max(πvc(a), πvc(r)).8 This leads to

v > max

(
c−Φ

w
,

c−Φ− ηs− p

w(1− η)

)
.

Hence, the newly derived market share of sensors is

S̃s =

{
(v, c) : v > max

(
c−Φ

w
,

c−Φ− ηs− p

w(1− η)

)}
. (3.18)

A type-(v, c) user will choose to be a requester (i.e., x(v, c) = r), if

πvc(r) > max(πvc(a), πvc(s)). This leads to

ηs + p

wη
< v <

c−Φ− ηs− p

w(1− η)
.

That is, the newly derived market share of requesters is

S̃r =

{
(v, c) :

ηs + p

wη
< v <

c−Φ− ηs− p

w(1− η)

}
. (3.19)

8We ignore the equality case, as the probability of having equalities is zero under the continuous distribution.
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A type-(v, c) user will choose to be an alien (i.e., x(v, c) = a), if πvc(a) >

max(πvc(s), πvc(r)). This leads to

v < min

(
c−Φ

w
,

ηs + p

wη

)
.

That is, the newly derived market share of aliens is

S̃a =

{
(v, c) : v < min

(
c−Φ

w
,

ηs + p

wη

)}
. (3.20)

Based on the above discussion, we can see that the newly derived market

shares (S̃s, S̃r, S̃a) can be characterized by the lines l1, l2, and l3 illustrated

in Fig. 3.2, where

l1 : v =
c−Φ

w
,

l2 : v =
c−Φ− ηs− p

w(1− η)
,

l3 : v =
ηs + p

wη
. (3.21)

Specifically, the users with types above both lines l1 and l2 will choose to be

sensors (gray region), the users with types below line l2 and above line l3

will choose to be requesters (white region), and the remaining users below

line l1 and line l3 will choose to be aliens (black region). Furthermore, the

three lines l1, l2, l3 may intersect in two different ways, depending on the

value of average sharing benefit Φ.

Moreover, under the newly derived market shares (S̃s, S̃r, S̃a), the new

average sharing benefit Φ̃ for each sensor can be updated using (3.17), that

is,

Φ̃ =

∫∫
S̃r
[(1− η)(w · v− s) + p] · ζvc(v, c)dvdc∫∫

S̃s
ζvc(v, c)dvdc

. (3.22)

Note that Φ̃ is a function of the original average sharing benefit Φ (as the
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Figure 3.2: Illustrations of lines l1, l2, and l3. Gray region: Sensors; White region: Re-
questers; Black region: Aliens.

newly derived market shares (S̃s, S̃r, S̃a) are functions of Φ), hence can be

written as Φ̃ = ϕ(Φ). For convenience, we will write the newly derived

Bse and Nse as functions of Φ as well, i.e., Bse(Φ) and Nse(Φ). Then, we

have Φ̃ = Φ̃(Φ) , Bse(Φ)
Nse(Φ)

.

3.3.3 Game Equilibrium Analysis

If a strategy profile is an equilibrium, then none of the users has the incen-

tive to change her strategy, which implies that the market shares and the

average sharing benefit will no longer change. This leads to the following

necessary condition for the equilibrium.

Proposition 3.1. If a strategy profile {x∗(v, c), ∀v, c} is an equilibrium, then the

average sharing benefit Φ must satisfy the fixed-point condition: Φ = Bse(Φ)
Nse(Φ)

. Fur-

thermore, if Φ satisfies the fixed-point condition, the corresponding user decision

profile {x∗(v, c)} is an equilibrium.

The proof of Proposition 3.1 is given in Appendix A of [18]. Propo-

sition 3.1 implies that finding an equilibrium {x∗(v, c), ∀v, c} is equiva-
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lent to finding an equilibrium average sharing benefit Φ∗ that satisfies

Φ∗ = Bse(Φ∗)
Nse(Φ∗) .

Next, we analyze the existence and uniqueness of the equilibrium aver-

age sharing benefit Φ∗. To solve Φ− Bse(Φ)
Nse(Φ)

= 0, we can equivalently solve

Φ · Nse(Φ)− Bse(Φ) = 0. (3.23)

For convenience, we define the following function:

Λ(Φ) , Φ · Nse(Φ)− Bse(Φ). (3.24)

Hence, the problem of finding the equilibrium is equivalent to the problem

of finding the roots of Λ(Φ) = 0.

As shown in Fig. 3.2, the three lines l1, l2, l3 may intersect in two dif-

ferent ways, depending on the value of average sharing benefit Φ. For

example, in the left subfigure, line l2 intersects with the vertical boundary

line c = 1, while in the right subfigure, line l2 intersects with the horizon-

tal boundary line v = 1.9 This will affect the computations of Bse(Φ) and

Nse(Φ), hence the computation of the root of Λ(Φ) = 0. Next, we analyze

these two cases sequentially.

3.3.3.1 Case 1: High Average Sharing Benefit

When Φ is larger than a critical value Φ0 defined below

Φ0 , 1− ηs− p− w(1− η), (3.25)

l2 will intersect with the vertical boundary line c = 1 (left subfigure in Fig.

3.2). Intuitively, when Φ = Φ0, l2 will intersect at the cross point of lines

9It is possible that line l1 may intersect with v = 1 just like line l2. However, this case is equivalent to the case
in the right subfigure, because they have the same partitions of Ss, Sr, and Sa, and the two intersection cases of
line l1 do not influence the boundary of Sr.



CHAPTER 3. COST-EFFICIENT PEER-TO-PEER MOBILE CROWD SENSING 77

c = 1 and v = 1 (i.e., the right upper corner).

In this case, the newly derived market shares (S̃s, S̃r, S̃a) can be derived

according to the left subfigure in Fig. 3.2). To avoid confusion with the low

average sharing benefit case (i.e., case 2), we denote the corresponding

functions Λ(Φ), Nse(Φ), Bse(Φ) by Λh(Φ), Bse

h (Φ), Nse

h (Φ) in this case,

which can be computed by (3.16), (3.15), and (3.24), respectively.

We can show that when Φ ≥ Φ0, function Λh(Φ) is monotonically in-

creasing in Φ (see Appendix B of [18] for details). We further notice that

Λh(Φ) > 0 when Φ is large enough. Hence, the root of Λh(Φ) = 0 in the

regime Φ ≥ Φ0 is determined by the value of Λh(Φ0). Formally, we have

the following proposition.

Proposition 3.2. If Λh(Φ0) < 0, the quality-unaware CSRS game has a unique

equilibrium with respect to Φ in the regime [Φ0,+∞); otherwise, it has no equi-

librium in the regime [Φ0,+∞).

The proof of Proposition 3.2 is given in Appendix B of [18].

3.3.3.2 Case 2: Low Average Sharing Benefit

When Φ is smaller than the critical value Φ0, l2 will intersect with the

horizontal boundary line v = 1 (right subfigure in Fig. 3.2). In this case, the

newly derived market shares (S̃s, S̃r, S̃a) can be derived according to the

right subfigure in Fig. 3.2. To avoid confusion with case 1, we denote the

corresponding functions Λ(Φ), Nse(Φ), Bse(Φ) by Λl(Φ), Bse

l (Φ), Nse

l (Φ)

in this case, which can similarly be computed by (3.15), (3.16), and (3.24),

respectively.

We can show that when Φ ≤ Φ0, the function Λl(Φ) is either monotoni-

cally increasing with Φ, or first decreasing with Φ and then increasing with

Φ (hence unimodal). We further notice that Λl(0) < 0. Hence, the root of
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Λl(Φ) = 0 in the regime Φ ≤ Φ0 is determined by the value of Λl(Φ0).

Formally, we have the following proposition.

Proposition 3.3. If Λl(Φ0) > 0, the quality-unaware CSRS game has a unique

equilibrium with respect to Φ in the regime [0, Φ0]; otherwise, it has no equilib-

rium in the regime [0, Φ0].

The proof of Proposition 3.3 is given in Appendix C of [18].

3.3.3.3 Game Equilibrium

Combining Propositions 3.2 and 3.3 in both cases, and notice that Λh(Φ0) =

Λl(Φ0), we have the following theorem for the existence and uniqueness

of the equilibrium.

Theorem 3.1 (Existence and Uniqueness). The quality-unaware CSRS game

has a unique equilibrium given by Λ(Φ) = 0, and

• if Λ(Φ0) < 0, the equilibrium is located in (Φ0,+∞);

• if Λ(Φ0) > 0, the equilibrium is located in (0, Φ0);

• if Λ(Φ0) = 0, the equilibrium is Φ0.

The proof of Theorem 3.1 is given in Appendix D of [18].

In the next subsection, we will further study how to reach the equilib-

rium dynamically.

3.3.4 Best Response Iterative Algorithm

In this subsection, we propose a best response iterative algorithm to reach

the above game equilibrium.

To describe the best response iteration, we first define a virtual time-

slotted system with slots t = 1, 2, · · · (each with a sufficiently small time
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Algorithm 3 Distributed Best Response Iteration I

Input: Initial market shares (Ss,Sr,Sa)
Output: Φ∗

1: Compute Φ(1) by (3.26), and set λ according to (3.29)

2: Set t = 1 and Φ(0) ≤ Φ(1) − ε

3: while
∣∣∣Φ(t) −Φ(t−1)

∣∣∣ ≥ ε do

4: t = t + 1
5: Update Φ(t) according to (3.27)
6: end while
7: Φ∗ ← Φ(t)

8: return Game equilibrium Φ∗

period), and allow users to change their decisions in every time slot based

on the newly derived market shares. Let Φ(t) be the average sharing ben-

efit at time slot t, and denote the corresponding Bse(Φ) and Nse(Φ) as

Bse(Φ(t)) and Nse(Φ(t)), respectively. According to the analysis in Sec-

tion 3.3.3, we have

Φ(t + 1) =
Bse(Φ(t))

Nse(Φ(t))
=





Bse

h (Φ(t))

Nse

h (Φ(t))
, if Φ(t) ≤ Φ0,

Bse

l (Φ(t))

Nse

l (Φ(t))
, if Φ(t) ≥ Φ0.

(3.26)

However, under the pure best response iteration mentioned above, the

system may not converge. To this end, we propose a generalized dis-

tributed best response iterative algorithm, i.e., Algorithm 3, where each

user updates her own decision with probability 1− λ in each time slot in a

distributed manner. Then, the dynamics of Φ is given by

Φ(t + 1) = λ ·Φ(t) + (1− λ) · Bse(Φ(t))

Nse(Φ(t))
. (3.27)

Clearly, λ = 0 corresponds to the pure best response dynamics, while λ = 1

corresponds to a fixed network without dynamics.

Next, we show the convergence of the above generalized best response



CHAPTER 3. COST-EFFICIENT PEER-TO-PEER MOBILE CROWD SENSING 80

iteration. For convenience, we define

ψl(Φ) =
d

Bse

l (Φ)

Nse

l (Φ)

dΦ
and ψh(Φ) =

d
Bse

h (Φ)

Nse

h (Φ)

dΦ
. (3.28)

Then, we have the following proposition for convergence.

Proposition 3.4. The generalized best response iteration in (3.27) converges to

the unique equilibrium Φ given in Theorem 3.1, if λ is larger than a threshold λ0,

where

λ0 =





max

(
ψh(Φ0)− 1

ψh(Φ0) + 1
, 0

)
, if Λ(Φ0) < 0,

max

(
ψl(0)− 1

ψl(0) + 1
, 0

)
, if Λ(Φ0) > 0.

(3.29)

The proof of Proposition 3.29 is given in Appendix E of [18]. Intuitively,

a smooth enough iteration (by setting a large λ) will guarantee that the

iteration (3.27) converges to the unique equilibrium, at the cost of a slower

convergence.

3.4 Quality-aware Game Equilibrium Analysis

In this section, we will study the quality-aware CSRS game equilibrium,

where each data is associated with a set of discrete qualities Q , {qk : k ∈
K}. Hence, each user can choose different qualities when acting as a data

sensor or requester. Here we focus on the case where a requester with a

quality can only obtain data from a sensor with the same quality. Later in

Section 3.5, we will consider the more general cross-quality data sharing,

where a requester can obtain data from a sensor who has the data of a

higher quality than the requester needs.

To facilitate the analysis, we adopt a simple pricing scheme with η = 1,

which corresponds to a pure quality-based pricing scheme, i.e., p · h(qk) for
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quality qk. Let x(v, c) ∈ {s, r, a} denote the role choice of a type-(v, c) user,

and q(v, c) ∈ Q denote the quality choice of a type-(v, c) user. Then, the

quality-aware game equilibrium can be formally defined as follows.

Definition 3.3 (Quality-aware CSRS Game Equilibrium). A strategy profile

{(x∗(v, c), q∗(v, c)), ∀v, c} is an equilibrium of the quality-aware CSRS game, if

and only if

πvc(x
∗(v, c), q∗(v, c)) ≥ πvc(x, q), ∀x ∈ {s, r, a}, ∀q ∈ Q,

for the whole user population with any type-(v, c).

Given a strategy profile {(x(v, c), q(v, c)), ∀v, c}, the market will be par-

titioned into 2K + 1 parts, each corresponding to a choice of role and qual-

ity, which we call the market state. Let Ss

k , Sr

k , and Sa denote the set of

users choosing to be sensors with quality qk, requesters with quality qk,

and aliens, called the market shares of sensors with quality qk, requesters

with quality qk, and aliens, respectively. Then, we have Ss

k = {(v, c) :

x(v, c) = s, q(v, c) = qk}, Sr

k = {(v, c) : x(v, c) = r, q(v, c) = qk} and

Sa = {(v, c) : x(v, c) = a}.
In what follows, we will first derive the average sharing benefit of a sen-

sor, i.e., Φk. Then, we will analyze the user best response and characterize

the game equilibrium.

3.4.1 Derivation of Average Sharing Benefit

We now derive the average sharing benefit Φk. Similar as (3.15), given mar-

ket shares (Ss

k ,Sr

k ,Sa), the total sharing benefit provided by all requesters

with quality qk is

Bse

k = N
∫∫

Sr

k

p · h(qk) · ζvc(v, c)dvdc. (3.30)
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Furthermore, the total number of sensors with quality qk is

Nse

k = N
∫∫

Ss

k

ζvc(v, c)dvdc. (3.31)

Thus, the average sharing benefit Φk that each sensor with quality qk can

achieve is

Φk =
Bse

k

Nse

k

=

∫∫
Sr

k
p · h(qk) · ζvc(v, c)dvdc
∫∫
Ss

k
ζvc(v, c)dvdc

= p · h(qk) ·
|Sr

k |
|Ss

k |
, (3.32)

where |Ss

k | =
∫∫
Ss

k
ζvc(v, c)dvdc is the percentage of sensors with quality qk,

and |Sr

k | =
∫∫
Sr

k
ζvc(v, c)dvdc is the percentage of requesters with quality

qk. Intuitively, |Sr

k |/|Ss

k | is the average number of data requests assigned

to each sensor, and p · h(qk) is the average sharing benefit from each data

request (sharing). Obviously, Φk decreases with the number of sensors

with quality qk, and increases with the number of requesters with quality

qk. For notational convenience, we denote Φ , (Φk, ∀k ∈ K) as the average

sharing benefit vector for all k ∈ K.

3.4.2 Users’ Best Choices

Now we show how users update their actions based on the best responses,

under an existing market share distribution (Ss

k ,Sr

k ,Sa).

A type-(v, c) user will choose to be a sensor with quality qk (i.e., x(v, c) =

s and q(v, c) = qk), if and only if her payoff as a sensor with quality qk is

higher than that in another role with any other quality, i.e.,

πvc(s, qk) ≥ max
(
πvc(s, qj), πvc(r, qj), πvc(a), ∀j ∈ K

)
. (3.33)

Similarly, a type-(v, c) user will choose to be a requester with quality qk
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(i.e., x(v, c) = r and q(v, c) = qk), if and only if

πvc(r, qk) ≥ max
(
πvc(r, qj), πvc(s, qj), πvc(a), ∀j ∈ K

)
, (3.34)

and choose to be an alien (i.e., x(v, c) = a), if and only if

πvc(a) > max
(
πvc(s, qj), πvc(r, qj), ∀j ∈ K

)
. (3.35)

According to the above conditions, we can obtain the best choice of any

user with any type-(v, c), hence derive the newly derived market shares

(S̃s

k , S̃r

k , S̃a) accordingly. Based on which, we can further derive the new

average sharing benefit Φ̃k, ∀k ∈ K as follows:

Φ̃k = p · h(qk) ·
|S̃r

k |
|S̃s

k |
. (3.36)

Note that Φ̃k is a function of the original average sharing benefit vector

Φ (as both S̃s

k and S̃r

k are functions of Φ), hence can be written as Φ̃k =

Φ̃k(Φ).

3.4.3 Quality-aware Game Equilibrium Analysis

Now we analyze the (possible) existence and uniqueness of the quality-

aware game equilibrium.

We first notice that if a strategy profile is an equilibrium, then none of

the users has the incentive to unilaterally change her strategy. This implies

that the market shares will no longer change, and hence the average shar-

ing benefits will no longer change. This leads to the following necessary

conditions for the quality-aware game equilibrium.

Proposition 3.5. If a strategy profile {(x∗(v, c), q∗(v, c)), ∀v, c} is a quality-

aware game equilibrium, then the average sharing benefits satisfy the fixed-point
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conditions:

Φk = p · h(qk) ·
|S̃r

k (Φ)|
|S̃s

k (Φ)|
, ∀k ∈ K. (3.37)

Furthermore, if (3.37) holds, the corresponding use decision profile {(x∗(v, c), q∗(v, c))}
is an equilibrium.

The proof of Proposition 3.5 is given in Appendix F of [18]. Proposition

3.5 implies that finding a quality-aware game equilibrium {(x∗(v, c), q∗(v, c)), ∀v, c}
is equivalent to finding a set of equilibrium average sharing benefits Φ∗k , ∀k ∈
K, that satisfy Φ∗k = p · h(qk) · |S̃

r

k (Φ)|
|S̃s

k (Φ)| for all k ∈ K. This can be formally

characterized by the following function set:




Φ1

Φ2

...

ΦK



=




p · h(q1) · |S̃
r

1 |
|S̃s

1 |

p · h(q2) · |S̃
r

2 |
|S̃s

2 |
...

p · h(qK) · |S̃
r

K|
|S̃s

K|




, (3.38)

where S̃r

k and S̃s

k , ∀k ∈ K, are all functions of Φ = (Φk, ∀k ∈ K), and can

be derived according to the user best response analysis given in Section

3.4.2.

Next, we discuss the existence and uniqueness of the equilibrium av-

erage sharing benefits Φ∗k , ∀k ∈ K. Based on the above discussion, we

can derive the equilibrium average sharing benefits Φ∗k , ∀k ∈ K by solving

(3.38), or equivalently,

Φk · |S̃s

k | − p · h(qk) · |S̃r

k | = 0. (3.39)

For convenience, we define the following functions:

Λk(Φ) , Φk · |S̃s

k | − p · h(qk) · |S̃r

k |, ∀k ∈ K. (3.40)
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Then, the problem of finding the equilibrium is equivalent to finding the

roots of Λk(Φ) = 0, ∀k ∈ K.

Note that in the previous quality-unaware CSRS game, we only need to

find a single variable Φ to solve (3.23), which can be analytically derived

and efficiently solved by many classic methods such as the dichotomizing

search. When considering the quality-aware CSRS game here, however,

we need to compute K variables (Φk, ∀k ∈ K) jointly to solve the function

set (3.38), and it is difficult to compute the fixed-point solutions (Φ∗k , ∀k ∈
K) analytically due to the complicated coupling of (Φk, ∀k ∈ K), e.g., in

the derivations of S̃r

k (Φ) and S̃s

k(Φ).

In the next subsection, we will show that the best response iterative

algorithm converges to the equilibrium dynamically, which implies the ex-

istence of equilibrium.

3.4.4 Best Response Iterative Algorithm

In this subsection, we design a distributed iterative algorithm based on the

best response update to compute the quality-aware game equilibrium. Al-

gorithm 4 shows the detailed procedure of the proposed algorithm. Specif-

ically, in each round t, given the market shares (Ss

k ,Sr

k ,Sa, ∀k ∈ K) in the

previous round t− 1, the algorithm first computes the newly derived mar-

ket shares by (3.33)-(3.35). Then, it updates the average sharing benefits

(Φ
(t)
k , ∀k ∈ K) according to (3.41), where each user updates her own deci-

sion with probability 1− λ in each time slot in a distributed manner. The

above procedure repeats until the average sharing benefits do not change.

It is easy to see that if Algorithm 4 converges, its converged state must

be an equilibrium. This implies that if we can prove the convergence of

Algorithm 4, then the existence of equilibrium can be guaranteed. The

following proposition shows the convergence of Algorithm 4.
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Algorithm 4 Distributed Best Response Iteration II

Input: Initial market shares (Ss

k ,Sr

k ,Sa : k ∈ K)
Output: (Φ∗k , ∀k ∈ K)

1: Compute (Φ
(1)
k , ∀k ∈ K) by (3.32) based on the Input

2: Set t = 1 and Φ
(0)
k ≤ Φ

(1)
k − ε

K , ∀k ∈ K
3: while

K

∑
k=1

∣∣∣Φ(t)
k −Φ

(t−1)
k

∣∣∣ ≥ ε do

4: t = t + 1
5: Ss

k ← {(v, c) : satisfying (3.33)}, ∀k ∈ K
6: Sr

k ← {(v, c) : satisfying (3.34)}, ∀k ∈ K
7: Sa ← {(v, c) : satisfying (3.35)}
8: Compute (Φ†

k , ∀k ∈ K) by (3.32)

9: Update (Φ
(t)
k , ∀k ∈ K) according to:

Φ
(t)
k = λΦ

(t−1)
k + (1− λ)Φ†

k , ∀k ∈ K (3.41)

10: end while
11: Φ∗k ← Φ

(t)
k , ∀k ∈ K

12: return Quality-aware game equilibrium (Φ∗k , ∀k ∈ K)

Proposition 3.6 (Existence). Algorithm 4 converges to an equilibrium of the

quality-aware CSRS game.

The proof of Proposition 3.6 is given in Appendix G of [18].

Note that it is difficult to prove the uniqueness of the quality-aware

CSRS game equilibrium analytically, which is equivalent to the problem of

determining the unique solution of (3.38). Nevertheless, we can show that

whenever the initial market shares (Ss

k ,Sr

k ,Sa, ∀k ∈ K) are given, Algo-

rithm 4 will converge to a unique equilibrium. We are not able to rule out

the possibility that different choices of initial market shares lead to differ-

ent equilibria. Furthermore, the observation from simulations in Section

3.6 confirms the uniqueness of the equilibrium under a broad choice of the

initial market shares.
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3.5 Game Equilibrium Analysis with Cross-Quality Data

Sharing

In Section 3.4, we have considered the scenario where a data sensor can

only share her data to the requesters with the same quality requirement. In

this section, we consider a more general cross-quality data sharing scenario,

where a sensor can also share her data with the requesters who have the lower

quality requirements. This can be very useful in practice, as a high-quality

data can often be transformed into a low-quality one (e.g., a high-resolution

photo or video can be transformed into a low-resolution one through down

sampling). We will analyze how the cross-quality data sharing affects the

user behaviors as well as the market equilibrium.

Specifically, when a high-quality data sensor shares her data with a low-

quality data requester, the sensor will first transform the data into a low-

quality one as requested, and then shares the transformed low-quality data

with the requester. Such a process is transparent to the requester, who does

not need to pay additional fees because of such data transformation.

For the data sensors, however, the above cross-quality data sharing can

have a significant impact. Specifically, for a sensor with quality qk, her data

can be potentially shared with more requesters, i.e., those with a quality

requirement lower than qk. Let Φk,i denote the average sharing benefit that

each sensor with quality qk can achieve from requesters with quality qi,

where i ≤ k. Note that each requester with quality qi can obtain data from

any sensor with a quality no smaller than qi, with a fixed payment p · h(qi).

Thus, we can derive Φk,i as follows:

Φk,i = p · h(qi) ·
|Sr

i |
∑

K
j=i |Ss

j |
, (3.42)
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where |Sr

i | is the percentage of requesters with quality qi, and ∑
K
j=i |Ss

j |
is the total percentage of sensors with quality no smaller than qi. Thus,

the overall average sharing benefit Φk that each sensor with quality qk can

achieve (from all requesters with quality qi ≤ qk) is

Φk =
k

∑
i=1

Φk,i =
k

∑
i=1

p · h(qi) · |Sr

i |
∑

K
j=i |Ss

j |
. (3.43)

By comparing (3.43) with (3.32), we can see two different impacts: (i) a sen-

sor can potentially share data with more requesters (i.e., those requesters

with a lower quality); (ii) a sensor will face more severe competition (i.e.,

from those sensors with a higher quality) for each request.

Similar to Proposition 3.5, we have the following necessary conditions

for the equilibrium with cross-quality sharing.

Proposition 3.7. A strategy profile {(x∗(v, c), q∗(v, c)), ∀v, c} is an equilibrium

with cross-quality data sharing, if and only if the average sharing benefits (Φk, k ∈
K) satisfy:

Φk = Φ̃k(Φ) ,
k

∑
i=1

p · h(qi) · |S̃r

i (Φ)|
∑

K
j=i |S̃s

j (Φ)|
, ∀k ∈ K, (3.44)

where (S̃s

j (Φ), ∀j ∈ {i, · · · , K}) and (S̃r

i (Φ), ∀i ∈ {1, · · · , k}) are the newly

derived market shares by (3.33)-(3.35); Φ̃k(Φ) is the according new average shar-

ing benefit.

The proof of Proposition 3.7 is given in Appendix H of [18].

We skip the detailed analysis for this scenario, as it is similar as that in

Section 3.4, except that we use the new formulation (3.43) to compute the

average sharing benefit. We can design a similar best response iterative

algorithm to reach the equilibrium, as shown in Algorithm 5.
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Algorithm 5 Distributed Best Response Iteration III

Input: Initial market shares (Ss

k ,Sr

k ,Sa : k ∈ K)
Output: (Φ∗k , ∀k ∈ K)

1: Compute (Φ
(1)
k , ∀k ∈ K) by (3.43) based on the Input

2: Set t = 1 and Φ
(0)
k ≤ Φ

(1)
k − ε

K , ∀k ∈ K
3: while

K

∑
k=1

∣∣∣Φ(t)
k −Φ

(t−1)
k

∣∣∣ ≥ ε do

4: t = t + 1
5: Ss

k ← {(v, c) : satisfying (3.33)}, ∀k ∈ K
6: Sr

k ← {(v, c) : satisfying (3.34)}, ∀k ∈ K
7: Sa ← {(v, c) : satisfying (3.35)}
8: Compute (Φ†

k , ∀k ∈ K) by (3.43)

9: Update (Φ
(t)
k , ∀k ∈ K) according to (3.41).

10: end while
11: Φ∗k ← Φ

(t)
k , ∀k ∈ K

12: return Cross-quality game equilibrium (Φ∗k , ∀k ∈ K)

3.6 Simulation and Evaluation

In this section, we provide the simulation results for the quality-unaware

(CSRS) game and the quality-aware (CSRS) game, respectively. In both

scenarios, we will show the efficiency of the game equilibrium and the

market shares under the game equilibrium.

3.6.1 Simulation Setup

We fix the number of users/devices as 1000, and randomly generate the

(marginal) data value v and the (marginal) sensing cost c, both of which

follow the uniform distribution on [0, 1].10 In each simulation, we randomly

generate 1000 systems (in terms of realizations of v and c) and compute the

average outcome of all systems as the simulation result.

In the quality-unaware game, there are two parameters, i.e., the revenue

sharing factor η and the (fixed) price p. To show the impacts on the equi-

librium social welfare, we vary η from η = 0.5 to η = 1 with an increment

10The uniform distribution here is mainly used for the illustration purpose. Using other distributions such as
the truncated normal distribution will not change the main insights.
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of 0.1, and vary p from p = 0 to p = 0.5 with an increment of 0.1. We

further vary the transmission cost s from 0.1 to 0.5. Furthermore, to show

the impacts on the equilibrium market shares, we choose three scenarios in

terms of η, i.e., η = 0.4 for small η, η = 0.8 for large η, and η = 1 to fully

remove the revenue sharing effect to the data sensors. In all three scenarios,

we vary the transmission cost s from 0 to 1.

In the quality-aware game, to characterize the impact of the quality-

aware prices on the equilibrium social welfare, we choose two quality types

(K = 2), i.e., q1 = 1 as the low quality and q2 = 2 as the high quality. The

quality-aware data value from consuming the data is 0.4 + v log(1 + qk).

The quality-aware sensing cost due to physical resources consumption is

0.1 + cq0.5
k . The transmission cost s varies in the range of [0.1, 0.5]. We

choose the quality-aware pricing scheme p = 0.1+ {0.2, 0.5, 0.8} · qk, which

correspond to “small”, “medium”, and “large” prices, respectively. Fur-

thermore, to show the impact of the quality-aware prices on the equilib-

rium market shares, we choose the two quality types, the quality-aware

data value, and the quality-aware sensing cost similarly as those in the

simulation of the equilibrium social welfare. We randomly generate the

marginal data value v and the marginal sensing cost c with the uniform

distributions on [0, 1]. We choose the transmission cost s = 0.2 and the

pricing scheme p = 0.1 + 0.35qk.

Our key targets are to show the behaviors of users from the system level

and the market partition due to users’ choices. In particular, we want to

understand the social benefit that can be achieved from the strategic data

sensing and sharing among users. We consider that the system has a good

performance if the equilibrium social welfare is close to the optimal social

welfare benchmark.
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3.6.2 Simulations of the Quality-unaware Game

Now we provide simulation results to illustrate the efficiency of the quality-

unaware game equilibrium, i.e., the ratio of the equilibrium social welfare

to the maximum social welfare benchmark (in a centralized optimization).

Here, social welfare is the sum of all users’ payoffs. We will illustrate the

absolute and relative equilibrium social welfares under different system

parameters. Moreover, we will also illustrate the equilibrium market shares

under different system parameters.

3.6.2.1 Maximum Social Welfare Benchmark

The social welfare is defined as the sum of all users’ payoffs. Hence, given

a particular market partition (Ss,Sr,Sa), the social welfare is

W =
∫∫

Ss

(v− c)dvdc +
∫∫

Sr

(v− s)dvdc. (3.45)

where the social welfare generated by a sensor is v − c, and the social

welfare generated by a requester is v− s.

From a centralized optimization perspective (to maximize the social wel-

fare), those users with type-(v, c) that satisfies v > c and c < s should

choose to be sensors, those users with type-(v, c) that satisfies v > s and

c > s should choose to be requesters, and all other users will choose to be

aliens. We thus have obtained Ss and Sr, and can compute the maximum

social welfare benchmark by using (3.45).

3.6.2.2 Efficiency of Equilibrium

In this subsection, we compare the social welfare of the equilibrium with

the optimal social welfare. Figs. 3.3, 3.4, and 3.5 show the social welfare

of the equilibrium under different system parameters η, p, and s. We have
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Figure 3.3: Social welfare under different
revenue sharing factors η (price p = 0).
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Figure 3.4: Social welfare under different
prices p (revenue sharing factor η = 1).

0 0.1 0.2 0.3 0.4 0.5 0.6
Transmission Cost

0

0.2

0.4

0.6

0.8

1

Re
la

tiv
e 

So
cia

l W
el

fa
re

=0.5
=0.6
=0.7

Figure 3.5: Ratio of the equilibrium social welfare to the optimal social welfare under
different factors η (price p = 0).

three observations.

1). Figs. 3.3 and 3.4 show that the social welfare decreases in the trans-

mission cost. This is because the generated sharing benefit is reduced when

increasing the transmission cost.

2). Given the transmission cost s, Figs. 3.3 and 3.4 show that the social

welfare increases in η and decreases in p. This is because a large η or

a small p will decrease the revenue sharing for the sensing users, thus

weakens the competition of the sensing users. In the extreme case η = 1
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Figure 3.6: Market shares under the rev-
enue sharing factor η = 0.4 and the price
p = 0.

0 0.2 0.4 0.6 0.8 1
Transmission Cost

0

0.2

0.4

0.6

0.8

1

M
ar

ke
t S

ha
re

s

Sensor
Requester
Alien

A
li

en✛

Requester

✲

S
en

so
r

✛

Figure 3.7: Market shares under the rev-
enue sharing factor η = 0.8 and the price
p = 0.
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Figure 3.8: Market shares under the revenue sharing factor η = 1 and the price p = 0.

and p = 0, the social welfare will achieve the maximum value.

3). Fig. 3.5 shows that the ratio of the equilibrium social welfare to the

optimal social welfare increases in the transmission cost. It demonstrates

that a large transmission cost weakens the sharing effect among users.

3.6.2.3 Equilibrium Market Shares

Next, we numerically show the equilibrium market shares. Figs. 3.6, 3.7,

and 3.8 show the results.
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1). With the increase of the transmission cost, all three figures show

that aliens’ market share increases and requesters’ market share decreases.

The reason is that requesters need to pay for the transmission cost. Hence,

increasing the transmission cost will change those with high sensing cost

to aliens.

2). How the sensors’ market share changes in cost is more complicated.

With a small η in Fig. 3.6, the sensor’s market share decreases first and then

increases to 50%; when η becomes large enough as in Figs. 3.7 and 3.8,

the sensors’ market share monotonically increases to 50%. The reason is

that, as the transmission cost increases, some requesters will not choose to

request data and thus become sensors or aliens. However, when η is small

as in Fig. 3.6, the decrease of requesters will greatly reduce the sharing

benefit of sensors who will obtain 1 − η percentage of the total sharing

benefit. Therefore, some sensors with high sensing cost will also become

aliens and thus sensors’ market shares decreases, and eventually increases

to 50% in Fig. 3.6. The above effect will not play a leading role when η

is large (1− η is small). Therefore, both sensors and aliens monotonically

increase as requesters decrease in Figs. 3.7 and 3.8.

3). With a very large transmission cost, requesters disappear since there

is no point in sharing data. Some autarkic users become sensors and the

remaining users become aliens. Thus, sensors and aliens will divide the

whole market evenly in Figs. 3.6-3.8. The value of 50% is due to our

assumption of the joint uniform distribution of value v and cost c in [0, 1],

which can be verified through (3.45).

3.6.3 Simulations of the Quality-aware Game

Now we illustrate the efficiency of the quality-aware game equilibrium

and the corresponding equilibrium market shares. In comparison with the
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cross-quality data sharing in Section 3.5, we term the quality-aware data

sharing in Section 3.4 as the matching-quality data sharing.

3.6.3.1 Quality-aware Maximum Social Welfare Benchmark

In this subsection, we consider the social welfare maximization problem,

where users work together to maximize the sum of all users’ payoffs. First,

if there is no data sharing, it follows that the social optimality requires

those users with v f (q) ≥ cg(q) to sense with the quality that

qs

k(v, c) = arg max
q∈Q

(v f (q) − cg(q)), (3.46)

and those with v f (q) < cg(q) not to sense, due to the requirement of

non-negative payoffs. Now we consider incorporating data sharing into

the system, with the transmission cost s. Those with v f (q) ≥ cg(q) ≥ s

will not sense but acquire data from the sensed users and those with s <

v f (q) < cg(q) will also acquire data from the sensed users, due to the

payoff v f (q)− s > v f (q) − cg(q). The quality is determined by

qr

k (v, c) = arg max
q∈Q

(v f (q) − s). (3.47)

Thus, the maximum social welfare is given by

Wq =
K

∑
k=1

∫∫

Ss

k

(v f (qs

k(v, c))− cg(qs

k(v, c)))dvdc

+
K

∑
k=1

∫∫

Sr

k

(v f (qr

k (v, c))− s)dvdc. (3.48)
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Figure 3.9: Social welfare comparison under different prices and transmission costs.

3.6.3.2 Efficiency of the Quality-aware Equilibrium

In this subsection, we compare the equilibrium social welfare with the op-

timal social welfare benchmark, under the matching-quality and the cross-

quality sharing, respectively. Fig. 3.9 shows the impacts of the transmission

cost and the trading price on the equilibrium social welfare, as well as the

equilibrium social welfare comparison results.

First, we can see that the social welfare decreases in the transmission

cost in Figs. 3.9(a)-3.9(c). This is because the generated sharing benefit is

reduced when the transmission cost increases. Second, given the transmis-

sion cost, the social welfare decreases in the price p in Figs. 3.9(a)-3.9(c).
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This is because a small price p decreases the revenue sharing for the sens-

ing users, thus weakens the competition among the sensing users. Third,

the cross-quality sharing has little impact on the equilibrium social welfare

in Fig. 3.9(c). This is because the cross-quality sharing will not impact

requesters’ quality selections, which is the determinant part of the social

welfare. Furthermore, the cross-quality sharing plays a negative role in

the social welfare when the price is small, while it plays a positive role

when the price is medium and large in Fig. 3.9(c). The reason is that the

high-quality sensor will first transform the high-quality data into the low-

quality data and then transmit to the low-quality data requester with the

low-quality price. Hence, the cross-quality data sharing will only be incen-

tivized when the trading price is high, i.e., in the medium and large price

scenarios. Furthermore, when the price is sufficiently large, it will discour-

age the requesters’ data requesting decisions. Hence, the social welfare gap

is larger in the medium price scenario, while it is quite small in the large

price scenario.

3.6.3.3 Quality-aware Equilibrium Market Shares

In this subsection, we implement Algorithms 4 and 5 in the quality-aware

scenario under the “matching-quality sharing” and the “cross-quality shar-

ing” settings, respectively.

Figs. 3.10 and 3.12 show the users’ partitions under the two settings,

respectively. In Figs. 3.10 and 3.12, “Sensor L” denotes sensors obtaining

low quality data and “Sensor H” denotes sensors obtaining high quality

data, while “Requester L” denotes requesters obtaining low quality data

and “Requester H” denotes requesters obtaining high quality data.

We have two observations. First, we can see that they follow similar

structures as those in Subsection 3.6.2, i.e., users’ partitions are dependent
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Figure 3.10: Users’ selections and partitions:
matching-quality sharing.
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Figure 3.11: Market shares vs. transmission
cost: matching-quality sharing.

Figure 3.12: Users’ selections and partitions:
cross-quality sharing.
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Figure 3.13: Market shares vs. transmission
cost: cross-quality sharing.

on the data value and sensing cost distributions. Second, by comparing

the dark blue and light blue regions in Figs. 3.10 and 3.12, we can see

that the cross-quality sharing will have a great impact on sensors’ quality

selection, i.e., more sensors choose to sense the high-quality data (Sensor

H). However, the cross-quality sharing has little impact on the requesters’

quality selection (Requester L and Requester H), due to the fact that a low-

quality requesters will receive the requested low quality data.

We further show the the impact of the transmission cost on the equilib-

rium market shares. Figs. 3.11 and 3.13 show the results under matching-
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quality sharing and cross-quality sharing, respectively, where “Sensor L”

denotes sensors obtaining low quality data and “Sensor H” denotes sen-

sors obtaining high quality data. From Figs. 3.11 and 3.13, we can see that

i) sensors’ market share (the summation of Sensor L and Sensor H) first

increases with the transmission cost and then decreases with the trans-

mission cost; ii) requesters’ market share (the summation of Requester L

and Requester H) always decreases with the transmission cost; iii) aliens’

market share (Alien) always increases with the transmission cost. The non-

monotonic change of sensors’ market share is due to the interplay of sen-

sors and requesters. When the transmission cost is small and increases,

some requesters will become sensors or aliens due to the increase of total

cost. Hence, sensors’ market share increases. However, when the transmis-

sion cost is large and increases, the significant reduction of requesters will

reduce the sharing benefit of sensors. Hence, some sensors will become

aliens and the market share decreases.

3.7 Chapter Summary

In this chapter, we present a novel quality-aware P2P-based MCS model,

which can effectively reduce the server’s management and operational cost.

We study the user behavior dynamics and the market equilibrium of such a

system by modeling a data quality-aware non-cooperative game. In partic-

ular, we study the quality-unaware game under a general pricing scheme,

and prove the existence and uniqueness of the equilibrium. Furthermore,

we study the quality-aware game under the quality-based pricing scheme,

and prove the existence of the equilibrium. We also propose iterative algo-

rithms with provable convergence to the game equilibrium, respectively.



Chapter 4

Cost-efficient Data-Centric Mobile

Crowd Sensing

In this chapter, we focus on the cost-efficient crowdsourced network re-

source sharing. In particular, the crowdsourced resource sharing of mobile

devices is a promising way of performing cost-efficient large-scale mobile

sensing, by crowdsourcing to the mobile devices for the embedded sensors

and computing resources. Next, we focus on the economic modeling and

analysis of the cost-efficient data-centric mobile crowd sensing.

4.1 Introduction

4.1.1 Background and Motivations

The proliferation of hand-held mobile devices with rich embedded sen-

sors has enabled a new sensing paradigm known as Mobile CrowdSensing

(MCS) [9], where individual mobile users are involved in performing the

sensing tasks by using their mobile devices. Due to the low deploying cost

and the high sensing coverage, this new sensing paradigm has attracted a

broad range of applications such as urban dynamic mining, public safety,

100
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and environment monitoring [43–45]. In a general multi-task MCS system

(e.g., Medusa [68] and PRISM [81]), each sensing task is first initiated and

announced by a task planner (task owner) via a web portal. Then the task

is assigned to a pool of mobile users (registered in the system), who will

perform the sensing task accordingly (e.g., sensing the required data and

sending the collected data to the system). While performing a sensing task,

mobile users consume their own device resources such as battery energy

and CPU time, hence incur certain costs. Thus, users may not be willing

to participate in MCS, unless they receive proper rewards to compensate

their costs.

Many prior studies (e.g., [46–58]) have studied the problem of incen-

tivizing users to participate in the MCS system. These works focused on

the interactions of tasks and users (e.g., the assignment of tasks among

users through a proper matching), without considering the common data

requirements (hence the potential data reuse) among multiple tasks and

the heterogeneous sensing capabilities of different users. In a practical sys-

tem, however, there is a high likelihood that multiple tasks require some

common data [9]. For example, the road traffic data at a particular time and

location may be useful for Waze1, Uber, and Google Traffic simultaneously.

Therefore, it is likely to cause duplicated data sensing and processing in a

multi-task scenario, if multiple tasks are completed separately by the same

user. Moreover, in a practical system, users may have different sensing ca-

pabilities due to factors such as locations and device types. For example,

it is easier for a user to sense the data close to her current location. Thus,

it is more flexible and efficient to schedule users on the data level than on

the task level.

To complete multiple tasks more efficiently, it is critical to identify the

1Waze (www.waze.com) is the world’s largest community-based traffic and navigation app.

www.waze.com
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common data requirements of these tasks and enable the reuse of sen-

sory data across different tasks. Specifically, some practical MCS platforms

(e.g., Medusa [68] and PRISM [81]) have allowed task developers to spec-

ify their data requirements in a high-level language. Then, they identify

and reuse the common data across multiple tasks in order to reduce or

avoid duplicated sensing and processing. There are several advantages en-

able data reuse in the MCS system. First, data is digital goods and can be

reused without additional cost. Second, multiple tasks can share a large

pool of mobile users collectively through the platform. Third, by reusing

data across different tasks, the overall system efficiency can be improved.

A similar MCS architecture has been discussed in [9] as a future vision.

However, [9] did not provide any theoretical framework or analysis about

the performance gain that can be achieved through data reuse.

4.1.2 Novelty and Contributions

In this chapter, we propose a novel three-layer data-centric MCS model,

consisting of a data layer, a task layer, and a user layer, which is different

from the traditional two-layer task-centric model in [46–58, 74–79] (with the

task layer and the user layer only). Specifically, in our data-centric model,

tasks and users are connected through the data layer, that is, each task is

translated to a set of data items that it requires, and each user is connected to a set

of data items that she can sense. Moreover, different tasks may require a common

data item (hence can reuse the data item reported by users), and different users

may be able to sense the same data item (hence compete with each other for the

sensing opportunity). Thus, it is able to leverage both the task similarity (in

terms of data requirements) and the user heterogeneity (in terms of sensing

capabilities). Fig. 4.1 illustrates such a crowdsensing model with 6 tasks, 6

users, and 8 data items, where task 1 requires data items {1, 2}, and user 1
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Figure 4.1: Three-layer data-centric mobile crowdsensing model. The MCS platform acts
as the social planner to maximize the total social welfare.

is able to sense data items {1, 2, 3} simultaneously.

In such a data-centric model, the MCS platform (social planner) collects

the data requirements of tasks and the sensing capabilities of users, and

then decides whether and how to complete these tasks by a proper set of

users efficiently. Formally,

• Which tasks can be completed?

• Which users will be scheduled for sensing which data?

We focus on the optimal task selection and user scheduling that maximize

the social welfare, where the social welfare is the difference between the

total values of completed tasks and the total costs of scheduled users. We

are interested in understanding two key questions. The first question is

what is the performance gain due to data reuse? Such a gain depends on

the numbers of tasks and users as well as their data requirements. We

want to analytically derive the performance gain for any given sets of tasks

and users. Solving this problem is very challenging, as it is NP-hard due

to the combinatorial nature. Moreover, it requires the complete informa-

tion regarding the task values and users’ sensing costs, which are often

private information of task owners and users, respectively. Hence the sec-

ond related question is how to achieve the optimal performance gain in a

practical scenario with a limited computational capability and incomplete
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information? One approach is to design a truthful incentive mechanism to

elicit such private information from both task owners and users. However,

some well-known truthful incentive mechanisms such as the standard VCG

auction [82] are not suitable for our problem due to the high computational

complexity.

To answer the above two questions, we first conduct a statistical analysis

for the bound of the performance gain due to data reuse, and show that

such a gain can be quite significant. To reach the optimal performance

bound, a social planner needs to make a centralized decision on behalf of

all task owners and users. However, in practice, task owners and users are

selfish and unwilling to report their private information about task values

and sensing cost, which makes the centralized implementation infeasible.

To address this issue, we will design an incentive mechanism that satisfies

the individual rationality and incentive compatibility for all task owners

and users. Such a mechanism also needs to have a low computational

complexity and ensures a proper budget balance. To satisfy all the above

requirements, we propose a two-sided randomized auction that is tractable

for theoretical performance analysis.

Specifically, we resort to the randomized auction framework [83] for our

mechanism design, with the MCS platform acting as the auctioneer and

the participating task owners and users acting as the bidders. We propose

a truthful randomized auction, consisting of (i) a randomized allocation

rule, which picks up an “allocation” (i.e., a feasible solution to the task

selection and user scheduling) randomly from a set of feasible solutions

according to some probability distribution, and (ii) a payment rule, which

assigns a payment for each task owner and user under the chosen alloca-

tion. Randomized auctions have been adopted for the resource allocation

in wireless networking [84], covering problems [85], cloud computing [86],
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Table 4.1: Key Results in Chapter 4

Mechanism Truthfulness Efficiency Budget Balance Complexity Sec. no.

1 Yes Optimal No NP-hard 4.4.2

2 Yes Optimal No Polynomial 4.4.3

3 Yes Near-optimal No Polynomial 4.4.3

4 Yes Near-optimal Yes Polynomial 4.5.2

and electricity markets [87]. The key difference between our randomized

auction and those in [84–87] is that our auction is two-sided, i.e., we need to

decide both the task selection (task values) and the user scheduling (sens-

ing costs) under mutual information asymmetry; while the auction models

in [84–87] are single-sided (i.e., considering either values or costs), hence

are not directly applied to our problem setting.

The proposed randomized auction is truthful (in expectation), in the

sense that task owners and users have no incentives to misreport their pri-

vate task values and sensing costs, respectively. We further show that the

proposed truthful randomized auction is computationally efficient, as both

the allocation rule and payment rule can be computed in polynomial time.

In summary, we list the key results and the corresponding section numbers

in Table 4.1. Our main results and key contributions are summarized as

follows.

• Novel Data-Centric Crowdsensing Model: To our best knowledge, this is

the first work that analytically exploits data reuse across multiple tasks

and analyzes the performance bound due to data reuse in MCS. We

propose a novel three-layer data-centric model, which leverages both

the task similarity and the user sensing heterogeneity.

• Performance Bound Analysis of Data Reuse: Our analytical result shows

that the lower bound of the social welfare gain due to data reuse is

2 for a single reusable data item, when the number of tasks and the
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number of users are comparable to each other. That is, the social wel-

fare is at least doubled by exploiting data reuse across tasks for a single

reusable data item. As the number of data items increases, the social

welfare gain due to data reuse also increases.

• Randomized Auction Mechanism for Incomplete Information and Limited

Computation: To address the complexity issue of the joint task selection

and user scheduling and elicit the two-sided private information from

both task owners and users, we propose a truthful two-sided random-

ized auction mechanism, which is computationally efficient, individ-

ually rational, and incentive compatible (truthful) in expectation. We

further design a randomized auction mechanism with a reserve price

to achieve the budget balance, with a slightly reduced social welfare.

• Observations and Insights: Simulations show that (i) the social welfare

gain due to data reuse increases with the task similarity and reaches

up to 1300% in our simulations, and (ii) our proposed randomized

auction achieves at least 90% of the maximum social welfare. Further-

more, the increase of the task similarity increases the social welfare

with data reuse, as the required number of users performing the tasks

can be reduced. However, the increase of the task similarity decreases

the social welfare without data reuse, due to the increased user com-

petition.

The rest of the chapter is organized as follows. In Section 4.2, we present

the system model. In Section 4.3, we theoretically analyze the performance

bound. In Section 4.4, we first propose the two-sided auction framework

to address the incomplete information problem. Then we characterize the

randomized auction mechanism. To make the randomized auction budget-

balanced, we further propose a reserve price based randomized auction in
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Section 4.5. We present the simulation results in Section 4.6, and summa-

rize the chapter in Section 4.7.

4.2 System Model

In this section, we first present the crowdsensing platform model, task

model, and user model. Then we formulate the social welfare maximiza-

tion problem.

4.2.1 Crowdsensing Platform Model

We consider a general multi-task MCS platform consisting of a set J =

{1, 2, · · · , J} of tasks, a set I = {1, 2, · · · , I} of mobile users, and a set K =

{1, 2, · · · , K} of target data items. Each data item k ∈ K is characterized by

a set of fine-grained parameters such as the data type, location, and time.2

Each task j ∈ J is associated with a set of data requirements Kj ⊆ K,

and each user i ∈ I is able to sense a specific set Si ⊆ K of data items.

As different tasks can reuse the same data item, there may exist two tasks

j1 and j2 with overlapping data requirements, i.e., Kj1

⋂Kj2 6= ∅. Fig. 4.1

illustrates such a three-layer data-centric MCS model.

The crowdsensing model operates in a time-slotted manner. We divide

the whole time period into multiple time slots, where each time slot can be

an hour or a day, depending on the data precisions of tasks or users. At

the beginning of each time slot, (i) each task owner registers her task on

the platform, indicating the data requirements of the task and the potential

value that she can achieve when the task is completed; and (ii) each user re-

ports her information on the platform, indicating the sensing capability of

the user (i.e., the set of data items that she can sense) and the potential cost

2For example, a data item can be the temperature of a room at 11 am every day, the traffic speed of a highway
at 6 pm, or a raw sensor reading such as GPS and light sensor.
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for sensing any subset of data items within her capability. After collecting

the reported information from all task owners and users, the platform de-

cides the task selection (i.e., selecting a set of tasks to be completed) and

the user scheduling (i.e., scheduling a set of users to sense the associated

data items of the selected tasks).

4.2.2 Task Model

Recall that each task j ∈ J is associated with a set of data requirements

Kj ⊆ K in the time slot that we focus on, and a task value vj > 0 when it is

completed. The task value vj is the private information of task j, and cannot

be observed by the platform, users, or other tasks. This is one of the two

key challenges for optimizing a crowdsensing system with data reuse. We

assume that a task j is completed if and only if each of its required data

items in Kj has been sensed by at least one user. Let zj ∈ {0, 1} denote

whether a task j ∈ J is completed, and yk ∈ {0, 1} denote whether a data

item k ∈ K is sensed by at least one user. Then, for each task j ∈ J , we

have the following constraint:

zj ≤ yk, ∀k ∈ Kj. (4.1)

Given a feasible task selection z = (zj, j ∈ J ), the total achieved value

(of all completed tasks) is:

V(z) = ∑
j∈J

vj · zj. (4.2)

4.2.3 User Model

Recall that each user i ∈ I is able to sense a set Si of data items in the

time slot that we focus on. The platform can schedule user i to sense a
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subset S ⊆ Si of data items within her sensing capability, associated with a

sensing cost ci(S). Let xi(S) ∈ {0, 1} denote whether a user i is scheduled

to sense a data set S ⊆ Si. When S = ∅, then xi(∅) = 1 denotes that user

i is not scheduled to sense any data set, hence has a zero sensing cost, i.e.,

ci(∅) = 0.

We assume that a user can only be scheduled to sense one data set within

her capability in the target time slot. That is, for each user i ∈ I , we have

the following user scheduling constraint:

∑
S⊆Si

xi(S) = 1. (4.3)

If a user is scheduled to sense multiple data sets, say S1
i and S2

i , it is

equivalent to scheduling the user to sense the data set S1
i

⋃ S2
i . Let xi =

(xi(S), S ⊆ Si) denote the scheduling vector of user i. Then, given a

feasible user scheduling x = (xi, i ∈ I), the total incurred sensing cost (of

all scheduled users) is:

C(x) = ∑
i∈I

∑
S⊆Si

ci(S) · xi(S). (4.4)

Let yki ∈ {0, 1} denote whether a data item k is sensed by a user i, that

is, yki = ∑S⊆Si:k∈S xi(S). Recall that yk ∈ {0, 1} denotes whether a data

item k ∈ K is sensed by at least one user. Then, for each data item k ∈ K,

we have the following constraint:

yk ≤ ∑
i∈I

yki. (4.5)

Moreover, we denote ci = (ci(S), S ⊆ Si) as the sensing cost vector of

user i for all possible subsets of data items that she can sense. In practice,

the sensing cost vector ci is the private information of user i, and cannot be
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observed by the platform, task owners, or other users. This is the second

key challenge for optimizing a crowdsensing system with data reuse. Be-

sides the task values and the user sensing costs, all the other information

(i.e., the data requirement Kj of task j and the sensing capability Si of user

i) are public information to the MCS platform. This is because both task

owners and users need to first register with the MCS platform, and have

no incentives to misreport the information.3

4.2.4 Social Welfare Maximization

The social welfare W(x, z) is defined as the difference between the total

value V(z) of all completed tasks and the total sensing cost C(x) of all

scheduled users, i.e.,

W(x, z) = V(z)− C(x). (4.6)

The objective of the platform is to decide the best task selection z and user

scheduling x to maximize the social welfare W(x, z). Formally, we can

formulate such a joint task selection and user scheduling problem (P1) as

follows.

P1: max
x,y,z

V(z)− C(x)

s.t. (4.1)–(4.5), ∀i ∈ I , j ∈ J , k ∈ K;

var. xi(S) ∈ {0, 1}, ∀S ∈ Si, i ∈ I ;

zj ∈ {0, 1}, ∀j ∈ J ;

yk ∈ {0, 1}, ∀k ∈ K.

3For task owner j ∈ J , under-reporting the data requirement K j means that her data will never be completed
(which leads to a task value of 0) , and over-reporting K j causes additional cost for achieving the same task value.
For user i ∈ I , under-reporting the sensing capability Si weakens her own competitiveness, and over-reporting
Sj can be easily detected by the MCS platform.
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Here y , (yk, k ∈ K) is an intermediate variable denoting whether each

data item is sensed (by at least one user), which bridges the relationship be-

tween the task selection and the user scheduling. It is easy to see that Prob-

lem P1 is a binary integer linear programming problem. Let {xo, yo, zo}
denote the optimal solution to P1. For presentation clarity, we will also

write {xo, yo, zo} as {xo(c, v), yo(c, v), zo(c, v)}, as all of them are functions

of the user sensing costs c = (ci, i ∈ I) and the task values v = (vj, j ∈ J ).

There are two main issues that we are interested in investigating. First,

what is the performance gain via data reuse?4 Second, how to achieve

the above performance gain in a practical scenario with a limited com-

putational capability and incomplete information? Solving Problem P1 is

very challenging. Problem P1 is NP-hard (as the special case of P1 can

be reduced to the set cover problem), and hence it is important to design

a low-complexity approximate algorithm to find an approximate solution.

Meanwhile, solving Problem P1 requires the complete system information

including the data requirements and values of all tasks as well as the sens-

ing capabilities and costs of all users. However, as we have mentioned

earlier, users’ sensing costs and tasks’ values are their private information,

and cannot be observed by the MCS platform. Thus, we need to design a

truthful incentive mechanism to elicit such private information.

To this end, we will first study the performance gain of data reuse and

analyze the performance bound in Section 4.3, where the social planner

makes decisions for all users and task owners. Then we will focus on

incentive mechanisms design to address the complexity and incomplete

information issues in Section 4.4.
4The problem formulation for social welfare maximization without data reuse is referred to Appendix A [19].
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4.3 Performance Bound Analysis of Data Reuse

In this section, we analyze the performance bound with data reuse. We

start with the simplest case of one data item, the analysis of which provides

us insights into the more general case. We will consider multiple tasks

and multiple users, with explicitly closed results derived for the case of

two tasks and two users. Then we will consider the more general case of

multiple data items, multiple users, and multiple tasks through numerical

studies.

4.3.1 Order Statistics Basics

The analysis in Section 4.3 will rely on the tools from Order Statistics [88],

the basics of which will be reviewed in this subsection.

Let X1, X2, · · · , Xn be n random variables sampled from a continuous

distribution with the p.d.f. f (x) and the c.d.f. F(x). The corresponding

order statistics are the sequence arranged in the nondecreasing order. The

smallest of the sample is denoted by X1:n, i.e., X1:n = min(X1, X2, · · · , Xn),

the m-th smallest of the sample is denoted by Xm:n, and finally the largest

of the sample is denoted by Xn:n, i.e., Xn:n = max(X1, X2, · · · , Xn). Then

we have X1:n ≤ · · · ≤ Xm:n ≤ · · · ≤ Xn:n. The p.d.f. of Xm:n for 1 ≤ m ≤ n

is

fm:n(x) = n

(
n− 1

m− 1

)
(F(x))m−1(1− F(x))n−m f (x). (4.7)

Now we derive the joint distribution of all n order statistics and the

joint distribution of the first s (1 ≤ s ≤ n) order statistics, respectively.

First notice that if F(x) is continuous, then with probability 1 the order

statistics of the samples take distinct values. Hence it is reasonable to as-

sume the realizations of the n order statistics X1:n ≤ X2:n ≤ · · · ≤ Xn:n to

be x1:n < x2:n < · · · < xn:n. This means that the original random variables
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X1, X2, · · · , Xn are restrained to take on the values xm:n(m = 1, 2, · · · , n),

which by symmetry assigns the equal probability for each of the n! permu-

tations of (1, 2, · · · , n). Hence, we have the joint density function of all n

order statistics to be

f1,2,··· ,n:n(x1, x2, · · · , xn) = n!
n

∏
m=1

f (xm), x1 < · · · < xn. (4.8)

Furthermore, for the first s (1 ≤ s ≤ n) order statistics X1:n ≤ · · · ≤ Xs:n,

by symmetry we need to assign the equal probability for each of the n!

permutations of (1, 2, · · · , n), and then take into account the first s, i.e.,

(1, 2, · · · , s). Hence, we have the joint density function of the first s (1 ≤
s ≤ n) order statistics to be

f1,2,··· ,s:n(x1, x2, · · · , xs) = n!
s

∏
m=1

f (xm), x1 < · · · < xs. (4.9)

Similarly, if we define the nonincreasing order statistics as X1:n ≥ X2:n ≥
· · · ≥ Xn:n, then the joint distribution of the first s (1 ≤ s ≤ n) nonincreas-

ing order statistics is

f1,2,··· ,s:n(x1, x2, · · · , xs) = n!
s

∏
m=1

f (xm), x1 > · · · > xs. (4.10)

Given the above preliminaries, we will conduct the performance bound

analysis in the following subsections.

4.3.2 Analysis for a Single Reusable Data Item

In the case with a single data item, each task requires the data item to be

completed, and each user can sense the same data item. We assume that

the task values (vj, j ∈ J ) follow the i.i.d. distribution with the same p.d.f.

f (v), and the user costs (ci , i ∈ I) follow the i.i.d. distribution with the



CHAPTER 4. COST-EFFICIENT DATA-CENTRIC MOBILE CROWD SENSING 114

same p.d.f. g(c).

4.3.2.1 Analysis without Data Reuse

In the scenario without data reuse, since all tasks require the same data,

user i has the same cost ci to complete any of the tasks. We propose the

following method to analyze this scenario. We sort the task values by the

descending order, i.e., v1:J ≥ v2:J ≥ · · · ≥ vJ:J , and sort sensing costs by

the ascending order, i.e., c1:I ≤ c2:I ≤ · · · ≤ cI:I. Then, there is a threshold

m such that the m-th task value is no greater than the m-th user cost. The

social welfare maximization selection selects tasks with values v1:J , · · · , vm:J

and users with sensing costs c1:I, · · · , cm:I. Hence, we have min{I, J}+ 1

cases in terms of the threshold m as follows.

• Case 0: v1:J < c1:I , then the task and user selection set is T0 = {(v, c) :

v1:J < c1:I};

• Case m, 1 ≤ m ≤ min{I, J} − 1: vm:J ≥ cm:I and vm+1:J < cm+1:I, then

the task and user selection set is Tm = {(v, c) : vm:J ≥ cm:I, vm+1:J <

cm+1:I};

• Case min{I, J}: vmin{I,J}:J ≥ cmin{I,J}:I, then the task and user selection

set is Tmin{I,J} = {(v, c) : vmin{I,J}:J ≥ cmin{I,J}:I}.

For case 0, no tasks or users will be selected, and the social welfare is 0.

For case m, 1 ≤ m ≤ min{I, J} − 1, tasks with values v1:J , · · · , vm:J and

users with costs c1:I , · · · , cm:I will be selected. Hence, for case m, the social

welfare SWn[m] is

SWn[m] =
∫

Tm

m

∑
k=1

(
vk:J − ck:I

)
f1,··· ,m+1:Jg1,··· ,m+1:Idvdc.

For case min{I, J}, tasks with values v1:J , · · · , vmin{I,J}:J and users with
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costs c1:I , · · · , cmin{I,J}:I will be selected. Hence, in this case, the social

welfare SWn[min{I, J}] is

SWn[min{I, J}] =
∫

Tmin{I,J}

min{I,J}
∑
k=1

(
vk:J − ck:I

)
f1,··· ,min{I,J}:Jg1,··· ,min{I,J}:Idvdc.

Hence, the total social welfare without data reuse is the sum of the social

welfare in the min{I, J}+ 1 cases, i.e.,

SWn =
min{I,J}−1

∑
m=1

SWn[m] + SWn[min{I, J}]. (4.11)

By transforming the domains of integration Tm(m = 1, · · · , min{I, J}),
it turns out that we can derive the social welfare without data reuse in the

following explicit form. That is,

SWn =
min{I,J}

∑
m=1

∫ 1

0

∫ v1:J

0
· · ·

∫ vm−1:J

0
· · ·

∫ vmin{I,J}−1:J

0

∫ vm:J

0

∫ v2:J

c1:I

· · ·
∫ vm:J

cm−1:I

∫ 1

cm:I

∫ 1

cm+1:I

· · ·
∫ 1

cmin{I,J}−1:I

(vm:J − cm:I)[(min{I, J})!]2
min{I,J}

∏
k=1

f (vk)g(ck)

dcmin{I,J}:I · · ·dc2:Idc1:Idvmin{I,J}:J · · ·dv2:Jdv1:J . (4.12)

In particular, if (vj, j ∈ J ) and (ci, i ∈ I) follow i.i.d. uniform distributions,

the integral can be further simplified since ∏
min{I,J}
k=1 f (vk)g(ck) = 1. Under

the assumption of uniform distributions, we have the following results in

Proposition 4.1.

Proposition 4.1 (Social Welfare without Data Reuse). Under the i.i.d. uniform

distributions of (vj, j ∈ J ) and (ci, i ∈ I), the social welfare without data reuse

is J/4 when the number of users and the number of tasks are identically and
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sufficiently large, i.e., I = J → ∞. The social welfare without data reuse is J/2

when J is finite and I → ∞, and is I/2 when I is finite and J → ∞.

The proof of Proposition 4.1 is given in Appendix B of [19].

4.3.2.2 Analysis with Data Reuse

In the scenario with data reuse, we have two possible cases:

• Case I: If min{ci, i ∈ I} ≤ ∑j∈J vj, then the minimum cost user will

sense the data of all tasks, and all tasks will be selected. Let c =

min{ci, i ∈ I} and v = ∑j∈J vj, then the task and user selection set is

R = {(v, c) : min{ci} ≤ ∑j∈J vj}. Let the p.d.f. of min{ci, i ∈ I} be

gmin{ci,i∈I}(c) and the p.d.f. of ∑j∈J vj be f∑j∈J vj
(v), then the social

welfare is ∫

R
(v− c) f∑ j∈J vj

(v)gmin{ci,i∈I}(c)dvdc.

• Case II: If min{ci, i ∈ I} > ∑j∈J vj, then no task or user will be

selected. The social welfare is 0.

Hence, the total social welfare with data reuse is the sum of the social

welfare in the two cases, which is given by

SWr =
∫

R
(v− c) f∑ j∈J vj

(v)gmin{ci,i∈I}(c)dvdc. (4.13)

By transforming the domain of integration R, it turns out that we can

derive the social welfare with data reuse in the following explicit form.

That is,

SWr =
∫ 1

0

∫ v

0
(v− c) f∑ j∈J vj

(v)gmin{ci,i∈I}(c)dcdv

+
J−1

∑
j=1

∫ j+1

j

∫ 1

0
(v− c) f∑ j∈J vj

(v)gmin{ci,i∈I}(c)dcdv. (4.14)
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In particular, if (vj, j ∈ J ) and (ci, i ∈ I) follow i.i.d. uniform distributions,

then the term ∑j∈J vj follows the Irwin-Hall distribution with the p.d.f.

f∑j∈J vj
(v) =

1

2(J − 1)!

J

∑
j=0

(−1)j

(
J

j

)
(v− j)n−1sgn(v− j),

where sgn(·) is the sign function, i.e., sgn(x) = −1 if x < 0, sgn(x) = 0

if x = 0, and sgn(x) = 1 if x > 0. The term min{ci, i ∈ I} follows a

distribution with the following p.d.f.,

gmin{ci,i∈I}(c) = I(1− c)I−1.

We have the following result with uniform distribution.

Proposition 4.2 (Social Welfare with Data Reuse). Under the i.i.d. uniform

distributions of (vj, j ∈ J ) and (ci, i ∈ I), the social welfare with data reuse is

given by

SWr =
J

2
− 1 +

I

I + 1
. (4.15)

That is, the social welfare with data reuse is J/2 when the number of users I → ∞.

The proof of Proposition 4.2 is given in Appendix C of [19].

4.3.2.3 Performance Bound

We show the performance bound by comparing the social welfare with and

without data reuse. In particular, we define the (relative) performance gain

due to data reuse as

γ =
SWr

SWn
. (4.16)

Based on Propositions 4.1 and 4.2, we have the following results on the

relative performance gain γ defined in (4.16).
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Proposition 4.3 (Performance Bound). Under the i.i.d. uniform distributions

of (vj, j ∈ J ) and (ci, i ∈ I),

• when the numbers of users and tasks are identical and sufficiently large,

e.g., I = J → ∞, the lower bound of the relative performance gain is

γlower bound = (J/2)/(J/4) = 2. That is, the social welfare is at least dou-

bled by exploiting data reuse across tasks;

• when the number of users is sufficiently large, e.g., I → ∞, with a lim-

ited J, the lower bound of the relative performance gain is γlower bound =

(J/2)/(J/2) = 1. That is, the social welfare due to data reuse is at least the

same as that without data reuse;

• when the number of tasks is sufficiently large, e.g., J → ∞, with a lim-

ited I, the lower bound of the relative performance gain is γlower bound =

(J/2)/(I/2) = J/I. That is, the social welfare due to data reuse is much

larger than that without data reuse.

4.3.3 A Special Case of Two Tasks and Two Users

The previous results are derived for large values of I and J. Next, we will

consider finite values of I and J. As a special case, we will consider two

tasks and two users, and derive some additional insights regarding data

reuse.

We assume two tasks and two users, and the task values and sensing

costs follow i.i.d. uniform distributions on [0, 1]. We will derive the explicit

expression for the gain γ.

We first consider the case without data reuse. The joint distribution of

g1,2:2(c1, c2) is

g1,2:2(c1, c2) = 2g(c1)g(c2) = 2, 0 ≤ c1 < c2 ≤ 1.
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The joint distribution of f1,2:2(v1, v2) is

f1,2:2(v1, v2) = 2 f (v1) f (v2) = 2, 1 ≥ v1 > v2 ≥ 0.

Hence, the social welfare without data reuse can be computed by (4.12) as

SWn = 4
∫ 1

0

∫ v1:2

0

∫ v1:2

0

∫ 1

c1:2

(v1:2 − c1:2)dc2:2dc1:2dv2:2dv1:2

+ 4
∫ 1

0

∫ v1:2

0

∫ v2:2

0

∫ v2:2

c1:2

(v2:2−c2:2)dc2:2dc1:2dv2:2dv1:2 =
2

5
.

Now we consider the case with data reuse. We have

fv1+v2(v) = min{1, v} −max{0, v− 1}, 0 ≤ v ≤ 2,

and

fmin{c1,c2}(c) = 2(1− c), 0 ≤ c ≤ 1.

Hence, the social welfare with data reuse can be computed explicitly by

(4.14) as

SWr =
∫ 1

0

∫ v

0
(v− c) · v · 2(1− c)dcdv

+
∫ 2

1

∫ 1

0
(v− c) · (2− v) · 2(1− c)dcdv =

41

60
.

Hence, the relative performance gain due to data reuse is γ = SWr/SWn =

41
60 /2

5 ≈ 1.7.

For the general case of a finite number of tasks and a finite number of

users, we will use the Monte Carlo method [89] to compute γ numerically.

Figs. 4.2 and 4.3 show the impact of the task number and the user num-

ber on the relative performance gain, respectively. We can see when the

number of tasks equals the number of users (both are larger than 10), the

relative performance gain is 2, which means that the social welfare with
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Figure 4.4: Impact of multiple data items on the relative performance gain

data reuse is doubled of that without data reuse. Furthermore, the relative

performance gain is decreasing with the number of users, and increasing

with the number of tasks. Increasing the number of users has little im-

pact on the social welfare with data reuse SWr, since the user with the

minimum sensing cost completes all tasks; while it can increase the social

welfare without data reuse SWn due to the increasing user competition.

Increasing the number of tasks can increase SWr due to data reuse; while

it can decrease SWn due to the increasing task competition.
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4.3.4 Analysis for Multiple Data Items

So far, we have considered the simplified scenario with one data item. The

analysis for the scenario with multiple data items is quite challenging, due

to the complicated coupling of tasks’ data requirements and users’ sensing

capability across different data items. To show the key insights, we numer-

ically study the impact of the number of data items on the performance

gain with data reuse.

In the numerical studies, we fix both the number of tasks J and the num-

ber users I as 50. The number of data items increases from 1 to 7. To show

the impact of the number of data items on the relative performance gain

γ, we assume that each task requires each data item with a fixed proba-

bility, and each user can senses each data item with the same probability.

This captures the average data supply (users’ sensing capabilities) and data

demand (tasks’ data requirements) for each data item.

Fig. 4.4 shows the impacts of the number of data items and the data

demand probability on the relative performance gain. We have two ob-

servations. First, we can see that the relative performance gain increases

with the number of data items. On one hand, increasing the number of

data items will decrease the social welfare with data reuse and that with-

out data reuse, due to the decreased task value per data and the increased

sensing cost per data. On the other hand, allowing data reuse across tasks

weakens the above effect, so that the reduction of the social welfare with

data reuse is less that without data reuse. Hence, the relative gain increases

with the number of data items. Second, the relative gain first increases and

then decreases with the data demand probability. On one hand, the so-

cial welfare without data reuse first decreases and then increases with the

data demand probability, due to the different impacts of task competition

and user competition. When the probability is small, each task’s data re-
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quirement is small and can be easily completed, leading to a larger social

welfare. When the probability is large, each user’s sensing capability is

large, and the user competition leads to a larger social welfare.5 On the

other hand, the social welfare with data reuse is approximately concave

increasing with the data demand probability, due to the increasing reuse

of data items. Hence, a larger relative reuse gain can be achieved when the

data demand probability is medium.

However, theoretically understanding the benefit of data reuse is only

the first step towards realizing the benefit of data reuse. In practice, tasks

owners and users are selfish, and maybe unwilling to report their private

information about task values and sensing cost. Hence we need to de-

sign an incentive mechanism to induce task owners and users to truthfully

report their private information, while satisfying other properties such as

achieving the maximum social welfare and computational efficiency.

4.4 Auction-based Incentive Mechanisms

In this section, we study the problem of achieving the above performance

gain in the practical scenario with limited computational capability and

incomplete information. We propose a two-sided auction-based incentive

mechanism framework for solving Problem P1. First, we propose a two-

sided VCG auction mechanism (as the benchmark) for solving Problem P1

exactly, which is feasible, socially optimal, but computationally difficult.

Then we further propose a feasible, close-to-optimal, and low-complexity

randomized auction mechanism for solving Problem P1 approximately in

polynomial time. We aim to design an incentive mechanism satisfying the

following five desirable properties:

5When the probability is 0, all tasks (no data needs) can be completed without decreasing the social welfare.
When the probability is 1, each task requires all data, and each user can sense all data. The above two cases are
both equivalent to the case with one data item, and hence the gain is approximately 2, as is shown is Fig. 4.2.
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• Incentive Compatibility (IC, Truthfulness): Reporting the true task

value (and the true sensing cost, respectively) is the dominant strat-

egy for each task owner (and each user, respectively), no matter what

others report.

• Individual Rationality (IR): Each participating task owner and user

will have a non-negative utility by reporting the true task value and

sensing cost, respectively.

• Feasibility and Economic Efficiency: The outcome of the mechanism

can be implemented in practice (i.e., through an integer allocation) and

maximizes the social welfare.

• Computational Efficiency: The outcome of the mechanism can be

computed in polynomial time.

• Budget Balance: The total payment obtained from the selected task

owners should be no less than the total payment paid to the scheduled

users.

4.4.1 Two-sided Auction Framework

To solve Problem P1 with two-sided private information, we propose a

two-sided auction-based incentive mechanism, where the platform acts as

an auctioneer purchasing data from mobile users (bidders on one side) and

selling data to task owners (bidders on the other side). In this auction frame-

work, the platform first announces an allocation rule (for task selection and

user scheduling) and a payment rule (for payments to the scheduled users

and prices charged to the selected task owners). Then, each task owner

submits a bid (indicating her task value) and each user submits a bid (in-

dicating her sensing cost) to the platform, which can be different from the
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true task value and the true user sensing cost, respectively. Finally, the plat-

form computes the allocations and payments, based on the reported bids

of all task owners and users, together with other public information (e.g.,

tasks’ data requirements and users’ sensing capabilities). In this chapter,

we are interested in designing the truthful auction, where task owners and

users submit their private information truthfully.

Next, we provide the key notations. Let uj denote the reported value

(bid) of task j. Let bi = (bi(S), S ⊆ Si) denote the reported sensing cost

vector (bid) of user i, where bi(S) denotes the user reported sensing cost

for a data set S ⊆ Si. Let u , (uj, j ∈ J ) denote the bids of all tasks

and b , (bi, i ∈ I) denote the bids of all users. If an auction is truthful,

we will have b = c and u = v at the equilibrium. With a little abuse

of notation, we denote {x(·), z(·)} as the allocation rule, where x(·) ,

(xi(·), i ∈ I) is the user scheduling vector and z(·) , (zj(·), j ∈ J ) is the

task selection vector. We further denote {p(·), q(·)} as the payment rule,

where p(·) , (pi(·), i ∈ I) is the user payment vector and q(·) , (qj(·), j ∈
J ) is the task charge vector. Note that x(·), z(·), p(·), and q(·) can also

be written as x(b, u), z(b, u), p(b, u), and q(b, u), as they are all functions

of the user bid vector b and the task bid vector u. For convenience, we

write such an auction mechanism as Ω , {x(·), z(·); p(·), q(·)} or Ω ,

{x(b, u), z(b, u); p(b, u), q(b, u)}.

4.4.2 Two-sided VCG Auction (Benchmark)

We first propose a two-sided VCG auction, which is a nontrivial extension

of the classic VCG auction [82], due to the two-sided information asymme-

try. In our two-sided VCG auction, the allocation rule aims to maximize

the social welfare defined on the reported sensing costs and task values, and the

payment rule aims to pay each scheduled user the social benefit that she
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generates and to charge each selected task owner the social damage that

she imposes. Formally,

Mechanism 1 (Two-sided VCG Auction Mechanism – Ωo).

• Allocation Rule {x(b, u), z(b, u)}:

x(b, u) = xo(b, u) and z(b, u) = zo(b, u),

where {xo(b, u), zo(b, u)} is the optimal solution to Problem P1, by replacing

c with the reported cost b and v with the reported value u in Problem P1;

• Payment Rule {p(b, u), q(b, u)}:

p(b, u) = po(b, u) , (po
i (b, u))i∈I ,

q(b, u) = qo(b, u) , (qo
j (b, u))j∈J ,

where

po
i (b, u) , ∑

j∈J
ujz

o
j (b, u) − ∑

n∈I\{i}
∑
S⊆Sn

bn(S)xo
n(S)−Wo

−i,

qo
j (b, u) , Wo

−j − ∑
j∈J \{j}

ujz
o
j (b, u) + ∑

n∈I
∑
S⊆Sn

bn(S)xo
n(S),

where Wo
−i is the maximum social welfare (defined on bids b, u) excluding

user i’s bid; Wo
−j is the maximum social welfare (defined on bids b, u) exclud-

ing task j’s bid.6

In Mechanism 1, task owner j ∈ J chooses the bid uo
j such that uo

j =

arg maxuj
(vj − qo

j (b, u)); user i ∈ I chooses the bid bo
i such that bo

i =

arg maxbi
(po

i (b, u) − ∑S⊆Si
ci(S)). The bid (bo , uo) is a Nash equilibrium,

if each user and each task owner have no incentives to unilaterally change

6Specifically, Wo
−i is the maximizer of Problem P1, by replacing c with b and v with u, and excluding user i’s

bid bi, before solving Problem P1. Similarly, Wo
−j is obtained by excluding task j’s bid uj.
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her bid, respectively. For convenience, we write Mechanism 1 as Ωo =

{xo(·), zo(·); po(·), qo(·)} or Ωo = {xo(b, u), zo(b, u); po(b, u), qo(b, u)}. By

extending the analysis of the standard VCG auction [82] to our two-sided

scenario, we can show that truthful reporting is a dominant strategy for

both users and task owners, i.e., bo = c and uo = v constitute the unique

Nash equilibrium. This further implies that Mechanism 1 is efficient, as its

allocation maximizes the social welfare defined in (4.6).

Proposition 4.4 (Truthfulness and Efficiency). Mechanism 1 is individually

rational, incentive compatible (truthful), and maximizes the social welfare (effi-

cient).

The proof of Proposition 4.4 is given in Appendix D of [19].

Although Mechanism 1 exhibits several desirable properties, computing

the two-sided VCG auction outcome needs to solve the NP-hard Problem

P1, which is computationally intractable. To this end, we will propose a

low-complexity auction mechanisms next.

4.4.3 Two-sided Randomized Auction

Inspired by the randomized auction in [83, 84], we now propose a low-

complexity two-sided randomized auction mechanism, which operates in

polynomial time. Due to the two-sided structure of mutual information

asymmetry, our auction is different from the traditional single-sided auc-

tions [83, 84].

In the following, we start from the linear programming relaxation of

Problem P1, obtain an associated linear programming Problem P2 in the

fractional domain, from which we further derive the fractional VCG auc-

tion (which may not be implementable in practice). Then, through proper

decompositions, we transform the fractional VCG auction to a two-sided
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randomized auction (which is implementable).

4.4.3.1 Linear Programming Relaxation

We first relax the joint task selection and user scheduling Problem P1 to the

fractional domain (i.e., relax every binary variable in {0, 1} to the domain

[0, 1]), and denote the associated linear programming problem as Problem

P2. Note that Problem P2 can be solved to its optimality in polynomial

time, as it is a standard linear programming problem [90]. We refer to the

optimal solution of Problem P2 as the fractional optimal solution, denoted by

{x∗, y∗, z∗} or {x∗(c, v), y∗(c, v), z∗(c, v)}. It is notable that the maximum

objective value of Problem P2 provides an upper-bound for the optimal

objective function value of Problem P1, and the gap is usually called the

integrality gap [90]. Intuitively, a fractional solution can be viewed as the

fraction of the time that users are scheduled or tasks are selected.

Next, we present the fractional VCG auction Ω∗, where the allocation

rule aims to maximize the social welfare (based on user bids b and task

bids u) in the fractional domain, and the payment rule aims to pay each

scheduled user her social benefit and charge each selected task her social

damage. The detailed mechanism is similar to Ωo, except that we replace

the integer solution {xo(b, u), zo(b, u)} by the fractional optimal solution

{x∗(b, u), z∗(b, u)}, and solving Problem P2 rather than P1 when deciding

the payments. We formally show the mechanism as follows.

Mechanism 2 (Fractional VCG Auction Mechanism – Ω∗).

• Allocation Rule {x(b, u), z(b, u)}:

x(b, u) = x∗(b, u) and z(b, u) = z∗(b, u),

where {x∗(b, u), z∗(b, u)} is the optimal solution to Problem P2, by replac-
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ing c with the reported cost b and v with the reported value u in Problem

P2;

• Payment Rule {p(b, u), q(b, u)}:

p(b, u) = p∗(b, u) , (p∗i (b, u))i∈I ,

q(b, u) = q∗(b, u) , (q∗j (b, u))j∈J ,

where

p∗i (b, u) , ∑
j∈J

ujz
∗
j (b, u) − ∑

n∈I\{i}
∑
S⊆Sn

bn(S)x∗n(S)−W∗−i,

q∗j (b, u) , W∗−j − ∑
j∈J \{j}

ujz
∗
j (b, u) + ∑

n∈I
∑
S⊆Sn

bn(S)x∗n(S),

where W∗−i is the maximum social welfare (defined on bids b, u) excluding

user i’s bid in the fractional domain, and Wo
−j is the maximum social welfare

(defined on bids b, u) excluding task j’s bid in the fractional domain.

We summarize the properties of Mechanism 2 as follows.

Proposition 4.5 (Truthfulness and Efficiency). Mechanism 2 is individually ra-

tional, incentive compatible (truthful), and maximizes the social welfare (efficient)

in the fractional domain.

The proof of Proposition 4.5 is given in Appendix D of [19].

Note that the optimal solution to Problem P2 (i.e., the outcome of Mech-

anism 2) may not be feasible to Problem P1. This implies that Mechanism 2

may not be implementable. To see this, consider an example with 3 data items

D = {1, 2, 3}, 3 users I = {1, 2, 3} with sensing capabilities S1 = {1, 2},
S2 = {1, 3}, and S3 = {2, 3}, and 1 task requiring all of 3 data items. Sup-

pose that the user’s sensing capability is single-minded, i.e., each user i

either senses all the data items in Si or does not sense any data item. Then,
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the fractional optimal solution is to schedule each user half of the time, i.e.,

x∗1(S1) = x∗2(S2) = x∗3(S3) = 0.5, and to complete the task all the time,

i.e., z∗1 = 1. However, such a fractional solution cannot be implemented

in practice, since each user should be either selected or not selected. In

the following, we will transform Mechanism 2, i.e., the fractional VCG

auction Ω∗, to a randomized auction, which always generates a feasible

solution to Problem P1 randomly according to certain probability, hence is

implementable.

4.4.3.2 Randomized Mechanism Definition

We first provide the definition of a randomized mechanism and the associ-

ated concept of truthfulness in expectation [83].

Recall that a two-sided deterministic mechanism Ω = {x(·), z(·); p(·), q(·)}
consists of a deterministic allocation rule {x(·), z(·)} and a deterministic

payment rule {p(·), q(·)}, and returns a deterministic outcome, in partic-

ular, {x(b, u), z(b, u); p(b, u), q(b, u)} given any bids b and u. Note that

both Mechanism 1 and Mechanism 2 introduced before are deterministic

mechanisms.

A mechanism Ω̃ , {x̃(·), z̃(·); p̃(·), q̃(·)} can also be randomized, in

which the allocation and payment determinations involve randomizations.

In other words, given any bids b and u, the outcomes x̃i(b, u), z̃j(b, u),

p̃i(b, u) and q̃j(b, u) are all random variables. As the result, each task

owner’s utility (i.e., value minus charge) and each user’s utility (i.e., pay-

ment minus sensing cost) are also random variables. Intuitively, such a

randomized mechanism can be viewed as a set of randomizations over

the deterministic mechanism. For randomized mechanisms, the concept

of truthfulness is defined in the expected sense. That is, if a randomized

mechanism Ω̃ is truthful in expectation, then the expected utilities of each
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user and each task owner are maximized when reporting the true sensing

cost and value, respectively.

4.4.3.3 Randomized Mechanism Design Criterion

We now provide our design criterion of a truthful randomized mechanism.

The key idea is to find a randomized mechanism that generates the equiv-

alent outcome of a truthful deterministic mechanism.

We first introduce an (α, β)-scaled fractional mechanism for the deter-

ministic mechanism Ω = {x(·), z(·); p(·), q(·)}, inspired by the α-scaled

fractional mechanism defined in [83, 84]. Comparing with the one-sided

mechanisms in [83, 84], our mechanism considers the scaling of both sides.

Definition 4.1 (Scaled Fractional Mechanism). An (α, β)-scaled fractional mech-

anism of the deterministic mechanism Ω = {x(·), z(·); p(·), q(·)}, denoted by

Ω(α,β) = {xα(·), zβ(·); pα(·), qβ(·)}, is defined as:

xα(·) = α · x(·), pα(·) = α · p(·), (4.17)

zβ(·) = β · z(·), qβ(·) = β · q(·), (4.18)

where α, β > 0 are the scaling factors such that every element of α · x(·) belongs

to [0, 1] and every element of β · z(·) belongs to [0, 1], respectively.

Intuitively, in an (α, β)-scaled fractional mechanism, the incurred cost

and payment of each user are scaled with α, and the achieved value and

charge of each task owner are scaled with β, compared with those in the

original mechanism Ω. This implies that both the users’ and the task own-

ers’ optimal bidding strategies in these two mechanisms are equivalent,

which leads to the equivalence of the truthfulness property of both mech-

anisms.
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Proposition 4.6. If a mechanism Ω is truthful, then its (α, β)-scaled fractional

mechanism Ω(α,β) is also truthful.

The proof of Proposition 4.6 is given in Appendix E of [19]. Based on the

Proposition 4.6, we propose the following two-sided randomized mecha-

nism design criterion. That is, design a two-sided randomized mechanism

Ω̃ that provides the equivalent outcome (in terms of task selection, user

scheduling, and payment) as an (α, β)-scaled fractional mechanism Ω∗(α,β)

of the fractional VCG auction Ω∗ in Mechanism 2.

As the fractional VCG auction mechanism Ω∗ in Mechanism 2 is truth-

ful, we can obtain the truthfulness of its (α, β)-scaled fractional mechanism

by Proposition 4.6. Moreover, as the randomized mechanism Ω̃ generates

the same task selection, user scheduling, and payment as Ω∗(α,β), we can

further obtain the truthfulness (in expectation) of Ω̃.

4.4.3.4 Two-sided Randomized Mechanism Design

Now we provide the details about our two-sided randomized mechanism

design.

For convenience and concision, we express a randomized mechanism

Ω̃ = {x̃(·), z̃(·); p̃(·), q̃(·)} as a set of allocation probabilities λ = (λl)l∈A

and a set of payment rules {pl(·), ql(·)}l∈A under all possible allocations,

where A is the set of all feasible integer allocations (regarding x and z)

and λl ≥ 0 is the probability of picking up a particular allocation {xl , zl}
and the corresponding payment {pl , ql}. Then, designing a randomized

mechanism Ω̃ is equivalent to finding a set of allocation probabilities λ =

(λl)l∈A and a set of payment rules {pl(·), ql(·)}l∈A.

Next, we propose the two-sided randomized auction Ω̃†, which aims to

maximize the two-sided scaled social welfare subject to the exact decom-

position of the fractional optimal solution into the weighted sum of integer
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solutions. Due to the two-sided social welfare maximization, Ω̃† nontriv-

ially extends those with one-sided utility maximization or cost minimiza-

tion in [83, 84].

Mechanism 3 (Randomized Auction Mechanism – Ω̃†).

Starting from the (deterministic) fractional VCG auction Ω∗ = {x∗(b, u),

z∗(b, u); p∗(b, u), q∗(b, u)} in Mechanism 2, we define the randomized auction

mechanism Ω̃† as:

• Allocation Rule λ̃ = (λl)l∈A:

λ̃ = arg max
λ,0<α,β≤1

β ·V∗ − α · C∗ (4.19)

s.t. ∑
l∈A

λl · xl
i = α · x∗i (b, u), ∀i ∈ I , (4.20)

∑
l∈A

λl · zl
j = β · z∗j (b, u), ∀j ∈ J , (4.21)

where V∗ and C∗ are the optimal total task values and user costs w.r.t.

z∗(b, u) and x∗(b, u), respectively.

• Payment Rule {pl(b, u), ql(b, u)}l∈A:

pl
i(b, u) = α · p∗i (b, u) · Ci(x

l
i)

∑l ′∈A λl ′ · Ci(x
l ′
i )

, ∀i ∈ I ,

ql
j(b, u) = β · q∗j (b, u) ·

Vj(z
l
j)

∑l ′∈A λl ′ ·Vj(z
l ′
j )

, ∀j ∈ J ,

where Ci(x
l
i) is user i’s cost under the allocation xl

i , and Vj(z
l
j) is task j’s

value under the allocation zl
j.

We can see that in Mechanism 3, both the expected payment and sensing

cost of each user and the expected charge and value of each task are equiv-

alent to those in the fractional VCG auction Ω∗ in Mechanism 2, which

implies that Mechanism 3 is truthful in expectation.
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Proposition 4.7 (Incentive Compatibility in Expectation). Mechanism 3 is

incentive compatible in expectation, in the sense that each user and task owner

can maximize her expected utility when reporting the true sensing cost and value,

respectively.

The proof of Proposition 4.7 is given in Appendix F of [19]. We can

further check that under Mechanism 3, each user and task owner can al-

ways achieve a non-negative utility under any possible realization of alloca-

tions. This implies that Mechanism 3 is individually rational in the strict

sense. Formally,

Proposition 4.8 (Individual Rationality). Mechanism 3 is individually rational

in the strict sense, as each user and task owner can achieve a non-negative expected

utility.

The proof of Proposition 4.8 is given in Appendix G of [19].

Furthermore, we can see that in Mechanism 3, each user’s sensing cost

equals α∗ times the sensing cost incurred in Mechanism 2, while each task’s

value equals β∗ times the value achieved in Mechanism 2 (where α∗ and

β∗ are the optimal solutions to the allocation problem in Mechanism 3).

Hence, the efficiency of Mechanism 3 is guaranteed in this sense.

Proposition 4.9 (Efficiency of Mechanism Ω̃†). Mechanism 3 guarantees to

achieve a β∗-fraction of the total task value in Mechanism 2 with an α∗-fraction of

the total sensing cost in Mechanism 2.

The proof of Proposition 4.9 is given in Appendix H of [19].

So far we have proposed the randomized auction mechanism and proved

several desirable economic properties. There are many possible ways to

implement the randomized auction, depending on how we obtain the set

of probability distribution for the allocation problem and the parameter α
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and β for the payment in Mechanism 3. Next, we will propose one easy-

to-implement solution method.

4.4.3.5 Implementation of the Randomized Auction

As we have mentioned, one key step of designing Mechanism 3 is the two

exact decompositions of the scaled fractional solutions into the weighted

sum of integer solutions in (4.20) and (4.21), to obtain the two scaling fac-

tors α and β. Next, we will show that it may sacrifice some social welfare

in order to achieve the exact decompositions efficiently, which is a key dif-

ference of our approach here and the approach proposed in [84]. In [84],

the authors proposed a decomposition method to ensure system efficiency,

but with a very complicated procedure that may not be practical.7 Next,

we exploit our two-sided problem structure to obtain a tailored easy-to-

implement decomposition.8

The key idea of the our solution approach is a two-step DEcomposition-

MOdification (DEMO) procedure, which is shown as follows.

• Step I: Decomposition. We start from the fractional optimal solution

(x∗, z∗). Given the fractional user scheduling solution x∗, we treat

the fractional x∗ as the probability of scheduling the corresponding

user. More specifically, we propose the following approach to com-

pute λl . First recall that a feasible integer user scheduling is xl =

{xl
i(S), ∀S ⊆ Si, ∀i ∈ I} and the fractional optimal user scheduling

is x∗ = {x∗i (S), ∀S ⊆ Si, ∀i ∈ I}. Then we define the probability

7For example, the ellipsoid method used in [84] is quite complicated, and incurs a high time complexity in
practical systems.

8This is just one of the many possible solutions, which may differ in computational complexity and system
efficiency loss.



CHAPTER 4. COST-EFFICIENT DATA-CENTRIC MOBILE CROWD SENSING 135

distribution λl as

λl = ∏
i∈I

∏
S⊆Si

φ(x∗i (S), xl
i(S)), ∀l ∈ A, (4.22)

where φ(x∗i (S), xl
i(S)) = x∗i (S) if xl

i(S) = 1, and φ(x∗i (S), xl
i(S)) =

1− x∗i (S) if xl
i(S) = 0. The function φ(x∗i (S), xl

i(S)) characterizes the

probability of scheduling user i with the set S , and the probability is

given by the corresponding fractional solution.

• Step II: Modification. Each integer solution xl corresponds to a maxi-

mum set of task selection zl. Given the probability distribution λl , ∀l ∈
A, we compute

β j =

(
∑l∈A λl · zl

j

)

z∗j
, ∀j ∈ J . (4.23)

In order to ensure that all z∗j are scaled by the same factor β, we choose

the smallest value of (β j, j ∈ J ) as the target β. Then we modify

(zl
j, j ∈ J ) such that β j = β, ∀j ∈ J . The detailed modification ap-

proach is as follows. First notice that each user scheduling xl corre-

sponds to the maximum set of the task selection zl = (zl
j, j ∈ J ). Then

for a particular zl
 = 1, we can modify zl

 = 1 as zl
 = 0 without vio-

lating the feasibility of the task selection. We iteratively conduct the

above modification procedure until we have β j = β, ∀j ∈ J .

We can show the probability distribution λl in (4.22) satisfies x∗ = ∑l∈A λl xl

with α = 1. Then, we can choose β according to the modification procedure

in Step II such that ∑l∈A λl · zl
j = β · z∗j , ∀j ∈ J .

Through the above proposed DEMO scheme, we derive the target λl , α∗,

and β∗. That is, we obtain the exact decompositions of the scaled fractional

solutions into the weighted sum of integer solutions as in (4.20) and (4.21).

According to Propositions 4.6 and 4.7, we have ensured the truthfulness of
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the mechanism at the cost of a reduced system efficiency.

Proposition 4.10 (Truthfulness and Efficiency Bound). The DEMO procedure

implements Mechanism 3, and guarantees to achieve the same total sensing cost

(i.e., α∗ = 1) in Mechanism 2 with a β∗-fraction of the total task value in Mecha-

nism 2, where

β∗ = min
j∈J

(
∑l∈A λl · zl

j

z∗j

)
. (4.24)

The proof of Proposition 4.10 is given in Appendix H of [19].

We have proved several desirable properties of our designed auction

mechanisms. Due to the two-sided structure of the auction mechanisms,

the platform may lose money if the total payment obtained from task own-

ers is less than the total payment paid to users. In other words, Mechanism

3 may not be budget-balanced, which can be a practical concern. In fact,

it is a well known result in the literature that truthful efficient mechanisms

may not be budget-balanced [91,92]. Next, we further focus on the budget-

balanced auction mechanism design.

4.5 Budget-Balanced Randomized Auction

In this section, we focus on the budget-balance property of Mechanism

3, i.e., the expected total payment paid to users should be no large than

the expected total payment obtained from task owners. This means that

the MCS platform will not lose money, which is quite important for the

realistic operation of the MCS platform. Since the expected payments in

Mechanism 3 for all users and task owners are scaled from Mechanism

2 by the same factors α and β, we first focus on the budget balance of

Mechanism 2, and then extend the results to Mechanism 3.
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4.5.1 Budget Balance

In our model, we say that a mechanism is budget-balanced, if the MCS plat-

form can achieve a non-negative profit, where the MCS platform’s profit is

defined as the difference between the total payments obtained from task

owners and the total payment paid to users. Based on our above discus-

sion, the budget balance of the two-sided auction cannot by guaranteed in

general. In particular, with the increase of the task similarity, the positive

network effect among tasks also increases, and the total payments from

task owners to the platform become smaller and smaller (even zero). In

such cases, the budget-balance property is not satisfied.

We use an illustrative example to show the budget imbalance. Suppose

we have four tasks (tasks 1-4) with task values 0.5, 0.6, 0.7, and 0.8, respec-

tively. Each task only requires the same one data item. Two users (users

1-2) can sense the data item, with sensing costs 0.1 and 0.2, respectively.

The social welfare maximizer would require user 1 to sense the data item

with the cost 0.1, and allow all four tasks to reuse the data item. Hence,

the maximum social welfare is 0.5+0.6+0.7+0.8-0.1=2.5. Now we consider

Mechanism 2. The VCG auction would schedule user 1 to sense the data

item with a payment 0.2, and all tasks would be selected. The payment of

task 1 would be (0.5 + 0.6 + 0.7 + 0.8− 0.1− 0.2 + 0.2− 0.5)− (0.6 + 0.7 +

0.8− 0.1− 0.2+ 0.2) = 0, where the first term is the total social welfare ex-

cept task 1 (when task 1 is considered in the auction), and the second term

is the total social welfare when excluding task 1 from the auction. Similarly,

we can show that the payments of tasks 2-4 are all zero. Hence, the total

payment from task owners to the platform is 0, while the total payment

from the platform to the sensing user is 0.2. This shows that Mechanism 2

may not be budget-balanced. Due to the scaled payments from Mechanism

2, Mechanism 3 is not guaranteed to be budget-balanced either.
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4.5.2 Reserve Price based Randomized Auction

In the following, we will first focus on making Mechanism 2 budget-balanced,

and then extend the results to the budget-balanced randomized auction de-

sign by scaling the payments in Mechanism 2 according to the scaling rule

proposed in Mechanism 3.

To this end, we introduce a reserve price for each data item in the pro-

posed Mechanism 2, which denotes the minimal payment that a task owner

has to pay for each data item. Let σk ≥ 0 denote the reserve price for each

data item k ∈ K. Then, for each task owner j ∈ J , the minimum payment

(if task j is completed) is

qσ

j
= ∑

k∈Kj

σk. (4.25)

Given the above minimum payments (qσ
j
, j ∈ J ) due to the reserve price

σk, to ensure truthfulness, we propose the following bids reduction and

payment rule for task owners.

Definition 4.2 (Bids Reduction and Payment Rule). Given users’ bids b,

task owners’ bids u, and the minimum payments (qσ
j
, j ∈ J ), the reduced bid

of task owner j is u′j = uj − qσ
j
. With the new reduced bids u′ = (u′j, j ∈

J ), Mechanism 2 leads to the allocation (xσ(b, u′), zσ(b, u′)) and the payment

(pσ(b, u′), qσ(b, u′)). Then the payment of task owner j ∈ J is

qσ
j (b, u) = qσ

j (b, u′) + qσ
j
. (4.26)

The key idea of proposing the above bids reduction and payment rule

is to reduce the mechanism design problem to a setting with no minimum

payments. In particular, we first subtract the minimum payment of each

task owner from her bid, run Mechanism 2, and then add the minimum

payment of each task owner to her resulting payment.
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Next, we propose the two-sided randomized auction mechanism Ω̃σ in

Mechanism 4, i.e., the two-sided randomized auction mechanism with the

reserve price.

Mechanism 4 (Randomized Auction Mechanism with the Reserve Price –

Ω̃σ).

• Allocation Rule λ̃ = (λl)l∈A:

λ̃ = arg max
λ,0<α,β≤1

β ·Vσ − α · Cσ

s.t. ∑
l∈A

λl · xl
i = α · xσ

i (b, u), ∀i ∈ I ,

∑
l∈A

λl · zl
j = β · zσ

j (b, u), ∀j ∈ J ,

• Payment Rule {pl(b, u), ql(b, u)}:

pl
i(b, u) = α · pσ

i (b, u) · Ci(x
l
i)

∑l ′∈A λl ′ · Ci(x
l ′
i )

, ∀i ∈ I ,

ql
j(b, u) = β · qσ

j (b, u) ·
Vj(z

l
j)

∑l ′∈A λl ′ ·Vj(z
l ′
j )

, ∀j ∈ J ,

where qσ
j (b, u) is given in (4.26). The derivations of xσ(b, u), zσ(b, u), and

pσ
i (b, u) are the same as those in Mechanism 2, and Vσ, Cσ, Ci(x

l
i), and

Vj(z
l
j) are the same as those in Mechanism 3.

Next, we show that Mechanism 4 with the reserve price is truthful in

expectation, but may be not optimal in terms of maximizing the total social

welfare.

Proposition 4.11 (Truthfulness and Efficiency Loss). Mechanism 4 is truthful

in expectation, but is not optimal in terms of maximizing the total social welfare.

The proof of Proposition 4.11 is given in Appendix I of [19].
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We show the impact of the reserve price on the social efficiency as fol-

lows. Given the reserve price, some task owners, i.e., those with task values

lower than the minimum payments given in (4.25), will decide not to join

the auction. Hence, the maximum social welfare may be reduced. There-

fore, there is a tradeoff between the social efficiency and the budget bal-

ance. A larger reserve price may lead to a better budget balance and a

worse social efficiency. We will show the impact of the reserve price on the

budget balance and the social efficiency via simulations in Section 4.6.

4.6 Simulation Results

In this section, we provide simulation results to evaluate the performances

of our proposed mechanisms. In particular, we first illustrate the perfor-

mance of our proposed Mechanism 3. Then, we evaluate the performance

gain due to data reuse. Finally, we show the impact of the reserve price on

the achieved social welfare and the budget balance.

4.6.1 Simulation Setup

In the simulations, we fix the number of tasks to J = 50 and the number

of data items to K = 30, while varying the number of users from I = 10

to 100 with an increment of 10. Each data item is location-based (such

as the temperature at a particular location), and randomly and uniformly

distributed in an area of 1000m×1000m. Each user randomly moves to a

particular location in a time slot, and can sense all the data items within a

distance of 100m to her location. The unit cost ρc of each user for sensing

one data item is chosen randomly from [1, 5], hence the cost for sensing a

set S of data items is ρc · |S|. The unit value ρv of each task for one data

item is also chosen randomly from [1, 5], hence the value of a task requiring
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a set S of data items is ρv · |S|.
We characterize the task similarity (in terms of data requirements) in

the following way. First, we define the popularity of a data item as the

probability that a task requires this particular data item, and denote Pw as

the w-th highest popularity of all data items. As demonstrated in [93, 94],

the popularity of data, i.e., {Pw, w ∈ K}, follows a Zipf distribution [95]

with the p.m.f.

Pw =
(1/w)µ

∑
K
t=1(1/t)µ

, ∀w ∈ K, (4.27)

where µ ≥ 0 is the parameter of Zipf distribution. Obviously, with a larger

µ, tasks are more likely to require a small set of high popularity data items

(hence with a higher task similarity). In our simulations, we vary µ from 0

to 3 with an increment of 0.3.

In each simulation, we choose a particular user number I and parameter

µ, and randomly generate 1000 systems (in terms of tasks’ data require-

ments and unit values as well as users’ sensing capabilities and unit costs)

and compute the average outcome of all systems as the simulation result.

4.6.2 Social Welfare Gap

We first compare the social welfare achieved in Mechanisms 1, 2, and 3.

This can help us understand the performance gap of our proposed Mech-

anism 3 to the maximum social welfare (achieved in Mechanism 1) or the

fractional maximum social welfare (achieved in Mechanism 2).

Fig. 4.5 illustrates the average social welfare achieved in different auc-

tion mechanisms, under different numbers of users, where the parameter

of Zipf distribution is fixed at µ = 1. The red curve (with marker ◦) de-

notes the social welfare achieved in Mechanism 1, which is equivalent to

the maximum social welfare benchmark. The blue curve (with marker ∗)
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denotes the social welfare achieved in Mechanism 2, which is equivalent to

the fractional maximum social welfare. The green curve (with marker �)

denotes the social welfare achieved in Mechanism 3.

From Fig. 4.5, we can see that the difference between the maximum so-

cial welfare and the fractional maximum social welfare is negligible. More-

over, the achieved social welfare in all three auction mechanisms increase

with the number of users. The performance gap of the randomized auction

in Mechanism 3 to the maximum social welfare (benchmark) increases with

the number of users, and the maximal gap in our simulations (when there

are 100 users) is less than 10%.

4.6.3 Performance Gain of Data Reuse

We now evaluate the performance gain achieved by the data reuse across

tasks, by comparing the social welfare achieved in the systems with data

reuse and without data reuse.

Next, we will implement the randomized auction (Mechanism 3) and

the fractional VCG auction (Mechanism 2), by solving Problem P1 and the

problem without data reuse (see Appendix A [19]), respectively. We will

compare the performance gain due to data reuse in the two mechanisms.

4.6.3.1 Impact of the Number of Users

We first show the impact of the number of users on the performance gain.

Fig. 4.6 illustrates the achieved social welfare with and without data reuse,

under different numbers of users, where the parameter of Zipf distribution

is fixed at µ = 1. The blue curve (with marker ∗) denotes the social welfare

achieved in Mechanism 2 with data reuse, which represents the maximum

social welfare with data reuse based on the observation from Fig. 4.5.

The green curve (with marker �) denotes the social welfare achieved in
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Figure 4.5: Social Welfare vs. Number of
Users in Different Auctions. The number
of tasks is 50, the number of data is 30, and
µ = 1 in Zipf distribution.

0 20 40 60 80 100
Number of Users

0

20

40

60

80

100

120

Av
er

ag
e 

So
cia

l W
el

fa
re

Mechanism 2 with Data Reuse
Mechanism 3 with Data Reuse
Mechanism 2 without Data Reuse
Mechanism 3 without Data Reuse

Figure 4.6: Social Welfare vs. Number
of Users With/Without Data Reuse. The
number of tasks is 50, the number of data
is 30, and µ = 1 in Zipf distribution.
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Figure 4.7: Social Welfare vs. Task Similarity With/Without Data Reuse. The number of
tasks is 50, the number of data is 30, and the number of users is 60.

Mechanism 3 with data reuse. The red curve (with marker ◦) and the

cyan curve (with marker ✸) denote the corresponding results without data

reuse.

From Fig. 4.6, we can see that the achieved social welfare with and

without data reuse both increase with the number of users; and the increase

rate is higher with data reuse, especially when the number of users is small.

Furthermore, with data reuse, the maximum social welfare (benchmark)

can increase up to 350%, and the social welfare achieved by the randomized
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auction (Mechanism 3) can increase up to 300%, comparing with those

without data reuse.

4.6.3.2 Impact of the Task Similarity

We next show the impact of the task similarity on the performance gain.

Recall that µ of Zipf reflects the task similarity: a larger µ implies a higher task

similarity. Fig. 4.7 illustrates the achieved social welfare with and without

data reuse, under different values of µ, where the user number is fixed at

I = 60. The blue curve (with marker ∗) denotes the social welfare achieved

in Mechanism 2 with data reuse, which represents the maximum social

welfare with data reuse based on the observation from Fig. 4.5. The green

curve (with marker �) denotes the social welfare achieved in Mechanism 3

with data reuse. The red curve (with marker ◦) and the cyan curve (with

marker ✸) denote the corresponding results without data reuse.

From Fig. 4.7, we can see that the achieved social welfare increases with

the task similarity parameter µ with data reuse, while decreases with the

parameter µ without data reuse. The reason is as follows. With a higher

task similarity µ, most of the tasks’ data requirements will concentrate on

a smaller set of high popularity data. Hence, with data reuse, a smaller

set of users (covering the high popularity data) are needed to cover all

the required data requirements, leading to a higher social welfare; while

without data reuse, a larger set of users are needed to cover all the required

data multiple times, leading to a lower social welfare. Intuitively, without

data reuse, the number of “effective” users in the high task similarity (i.e.,

those can sense high popularity data only) is fewer than that in the low

task similarity (i.e., those who can sense any data item), hence the social

welfare becomes smaller with a high task similarity.

From Fig. 4.7, we can further see that with data reuse, the social wel-
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fare (both the maximum social welfare benchmark and the social welfare

achieved by the randomized auction in Mechanism 3) can increase from

300% to 1300% when the task similarity increases from µ = 0 to µ = 3,

comparing with those without data reuse.

Furthermore, Fig. 4.8 shows the relative social welfare gain vs. the num-

ber of users for Mechanisms 2 and 3, and Fig. 4.9 shows the relative social

welfare gain vs. the task similarity for Mechanisms 2 and 3. We can see

that Fig. 4.8 is similar to the green dash line in Fig. 4.2. The relative social

welfare gain decreases with the number of users, and increases with the

task similarity. In both Figs. 4.8 and 4.9, the randomized auction in Mech-

anism 3 leads to a relative performance gain very close to that of the social

optimality (i.e., the fractional VCG auction in Mechanism 2). This verifies

the effectiveness of the proposed randomized auction in Mechanism 3.

4.6.4 Impact of the Reserve Price on the Budget Balance

Fig. 4.10 illustrates the impact of the reserve price on the social welfare

and the budget balance of Mechanism 4. We can see that the social wel-

fare always decreases with the reserve price, as a larger reserve price will

drive more task owners out of the auction. The MCS platform can achieve

the budget balance and gain a positive profit by setting a proper medium

value reserve price. Moreover, the platform’s profit first increases with the

reserve price, due to the increase of the payments from task owners. When

the reserve price is high enough, the platform’s profit decreases with the

reserve price until reaching zero. This is because a high reserve price may

drive many task owners out of the auction, leading to a small social welfare

and a small platform’s profit.
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Figure 4.10: Social Welfare and Budget Balance vs. Reserve Price. The number of tasks is
50, the number of data is 30, the number of users is 60, and µ = 1 in Zipf distribution.

4.7 Chapter Summary

In this chapter, we proposed a novel three-layer data-centric mobile crowd-

sensing model, which enables data reuse and leverages both the task sim-

ilarity and the user heterogeneity. We focused on the joint task selection

and user scheduling problem, aiming at maximizing the social welfare.

This problem is NP-hard and is challenging to solve due to the two-sided

information asymmetry of selfish task owners and users. To understand
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the performance gain due to data reuse, we theoretically analyzed the so-

cial welfare gain with known statistical information, and proved the bound

of the relative performance gain. To address both the limited computa-

tion and incomplete information issues, we proposed a two-sided random-

ized auction mechanism, which is computationally efficient, individually

rational, and incentive compatible (truthful) in expectation. We further

proposed a budget-balanced randomized auction mechanism to ensure the

profitability of the platform in realistic settings. Furthermore, by choosing

proper reserve prices, the randomized auction mechanism can achieve the

budget balance without compromise on the truthfulness, individual ratio-

nality, and computational efficiency.



Chapter 5

Conclusion and Future Work

The central motif of this thesis is the investigation of the economic model-

ing and analysis for the crowdsourced network resource sharing, particu-

larly for applications in crowdsourced radio spectrum sharing and mobile

crowd sensing. In this chapter, we summarize the key results and briefly

discuss some key open issues on which further study is necessary.

5.1 Conclusion

In this thesis, we have designed economic mechanisms to realize the full

potential of the crowdsourced network resource sharing. Our economic

analysis and mechanisms can greatly improve the system performance

(e.g., larger profit, less operational cost, and higher resource utilizations)

and incentivize the crowdsourced network resource sharing among users.

First, we have considered the profit maximizing crowdsourced spectrum

resource sharing. In particular, we consider a spectrum database opera-

tor’s profit maximization through joint pricing and admission control of

the spectrum resources crowdsourced by spectrum legacy owners. We in-

corporate the heterogeneity of SUs’ spectrum occupancy and demand un-

148



CHAPTER 5. CONCLUSION AND FUTURE WORK 149

certainty into the model, and consider both the static and the dynamic

pricing schemes. In static pricing, we show that stationary admission poli-

cies can achieve optimality in most cases. In dynamic pricing, we compute

optimal pricing through a proper pricing-and-admission decomposition in

each time slot. Furthermore, we show that dynamic pricing significantly

improves the spectrum operator’s profit over static pricing when SUs’ de-

mands are highly elastic. Finally, our results show that when the gap of

the channel occupation length between the two types of SUs increases, the

profit gap between static pricing and dynamic pricing shrinks.

Second, we have considered the cost-efficient crowdsourced mobile sens-

ing resource sharing by presenting a novel quality-aware peer-to-peer based

mobile crowd sensing architecture. Such a mobile crowd sensing system

can effectively reduce the management and operational cost on the server

via the peer-to-peer sensing data sharing among users. We study the user

behavior dynamics and the market equilibrium of such a system by mod-

eling a data quality-aware non-cooperative game. In particular, we study

the quality-unaware game under a general pricing scheme, and prove the

existence and uniqueness of the equilibrium. Furthermore, we study the

quality-aware game under the quality-based pricing scheme, and prove

the existence of the equilibrium. We also propose iterative algorithms that

are guaranteed to converge to the game equilibrium under both quality

scenarios. Our results demonstrate the existence and uniqueness of the

equilibrium, quantify the efficiency loss, and show the equilibrium market

shares under different system parameters and pricing parameters.

Third, we have considered the cost-efficient crowdsourced mobile sens-

ing resource sharing by proposing a novel three-layer data-centric mobile

crowd sensing model. Such a data-centric model can leverage the task sim-

ilarity by enabling data reuse among sensing tasks. We focused on the
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joint task selection and user scheduling problem, aiming at maximizing

the social welfare. This problem is NP-hard and is challenging to solve due

to the two-sided information asymmetry of selfish task owners and users.

We first analyzed the centralized social welfare optimization problem with

known statistical information, and showed that the performance gain due

to data reuse can be quite significant. To achieve the centralized optimal-

ity under the two-sided information asymmetry, we proposed a two-sided

randomized auction mechanism, which is computationally efficient, indi-

vidually rational, and incentive compatible (truthful) in expectation. Our

results show that, by choosing proper reserve prices, the mechanism can

achieve the budget balance without compromise on the truthfulness, indi-

vidual rationality, and computational efficiency.

5.2 Future Work

There are several possible extensions of the results presented in this thesis.

Next, we briefly discuss the big picture of future research directions.

First, for the profit maximizing crowdsourced spectrum resource shar-

ing, there are several possible ways to extend the results. We have consid-

ered the scenario with one spectrum database operator and one available

channel. In practice, the multiple available channels crowdsourced by the

spectrum legacy owners can be coupled, in the sense that they are available

at different times due to the spectrum usage of the legacy owners. In this

scenario, a secondary users may switch from one channel to another chan-

nel due to the channel availability and the channel condition. The challenge

is to characterize the state dynamics and analyze the stationary policies in

our model. Furthermore, the impact of multiple database operator’s com-

petition is also an interesting problem to analyze [30]. Such a competition
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among spectrum database operators may lead to more interesting insights

into the pricing and admission policies. Finally, we have considered the in-

teraction between the spectrum database operator and the secondary users,

given the spectrum resource crowdsourced by the spectrum legacy own-

ers. However, the crowdsourcing strategies of the spectrum legacy owners

remains open. A model that captures the crowdsourcing strategies is in-

teresting, in the sense that different legacy owners may cooperatively or

competitively supply their spectrum resources [96].

Second, for the cost-efficient crowdsourced mobile sensing resource shar-

ing via peer-to-peer data sharing, we have considered multiple data mar-

kets corresponding to multiple locations, each of which runs independently

at the same time. It is important to study the coupling of different data

when conducting the sensing and sharing decisions [97]. For example, an

application needs the cellular/WiFi signal strength for a whole day, but

each sensing user only has the data in a certain period of the day. In this

case, the interdependence of different data will complicate users’ decisions,

because each user’s utility depends collectively on the correlated data. Fur-

thermore, it is important to consider a dynamic system in a long period of

time, considering that the data quality of some applications may decay

over time (e.g., the measurement of the air conditions at a time may not

be accurate at later times). In this case, it is challenging to analyze users’

decisions due to the time domain coupling. We may consider the concept

of evolutionarily stable strategy (ESS) to describe the evolutionary equilib-

rium, which is most useful to understand how a large population of users

converge to Nash equilibria in a dynamic system. In addition to the the-

oretical analysis, it is interesting to design a real system [98] and conduct

realistic experiments for validating the performance of such a system.

Third, for the cost-efficient crowdsourced mobile sensing resource shar-
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ing via data reuse, we have considered the analysis of the performance

gain due to data reuse with a single data item. It is important to an-

alyze the performance gain with multiple data items. This may need a

more complicated matching strategy [99] and the corresponding analysis

about many correlated conditional probabilities due to the data correla-

tions. Furthermore, our theoretical analysis have verified the effectiveness

of incorporating data reuse into the crowd sensing model. It is also in-

teresting to obtain data from realistic crowd sensing applications such as

Waze and OpenSignal, and perform sensory data analytics to validate the

performance of our proposed model and mechanisms.

Finally, this thesis has considered the economic modeling and analy-

sis for the crowdsourced network resource sharing. Such a crowdsourced

sharing framework is related to the emerging paradigm of the sharing econ-

omy [100,101]. Sharing economy is enabling a shift away from the exclusive

ownership and consumption of resources to one of shared use and con-

sumption. This shift is taking advantage of innovative new ways of peer-

to-peer sharing that are voluntary and enabled by Internet-based exchange

markets and mediation platforms [102]. Typical online platforms include

Uber [103], Postmates [104], and Airbnb [105]. These online platforms al-

low individuals and groups to make money from underused assets. In this

way, physical assets are shared as services. For example, a car owner may

allow someone to rent out her vehicle while she is not using it, or a condo

owner may rent out his condo while he is on vacation. Broadly speak-

ing, the crowdsourced sharing is also a kind of sharing economy [106,107].

Hence, it is interesting to study the economics of the crowdsourced net-

work resource sharing under the new sharing economy paradigm. This

may lead to new business models and incentive mechanisms for revealing

more potential of the crowdsourced network resource sharing.
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