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Abstract—This paper considers a cognitive radio network
where the licensed network, referred to as the primary user (PU)
network, consists of a hierarchical structure in which multiple
operators coexist in the same coverage area where each of the
operators controls an exclusive set of frequency sub-bands. Un-
licensed users, referred to as the secondary users (SUs), first send
their requests to the operators, and can only access the sub-bands
controlled by the operators that accept their requests. SUs are
selfish and cannot exchange private information with each other.
We model the dynamic spectrum access (DSA) problem of the SUs
as a Bayesian game, referred to as the DSA game. We model the
PU network as a forest where the roots represent the operators
and the leaves represent the operators’ sub-bands. We propose a
novel forest matching market to model the interaction between the
SUs and the PU network. In this market, a set of SUs can be first
matched to a set of operators and the SUs matched to the same
operator can then be matched to the corresponding sub-bands.
We propose a distributed algorithm that results in a stable forest
matching structure, which coincides with the optimal Bayesian
Nash equilibrium of the DSA game. We prove that the Bayesian
hierarchical mechanism associated with our proposed algorithm
incentivizes truth-telling by SUs. Our algorithm does not require
each SU to know the preference and conflict-solving rule of the
PU network or the payoffs and actions of other SUs, and the com-
plexity of each iteration in the worst case is given by O(L2N2K)
where L is the number of operators, N is the maximum number
of sub-bands of each operator, and K is the number of SUs.

Index Terms—Cognitive radio, stable matching, forest match-
ing, stable marriage, college admission, dynamic spectrum access,
hierarchical, game theory, mechanism design, Bayesian game.

I. INTRODUCTION

MANY of today’s networking systems operate according
to a hierarchical structure. For example, in telecom-

munication networks, smart grids, cloud storage systems, etc.,
multiple operators (e.g., telecommunication operators, electric-
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ity companies, cloud storage providers, etc.) coexist in the same
service area. Each operator has been licensed exclusive use of
a resource (e.g., frequency bands, electrical grid, or cloud stor-
age infrastructure) which can be further divided into resource
blocks. Each resource block can then be used to provide an
individual service, such as voice/video call, electricity supply,
data storage, etc., for a user (e.g., mobile service subscriber,
electrical appliance, storage application, etc.), referred to as
the primary user (PU). If a set of unlicensed user equipments,
referred to as secondary users (SUs), can intelligently access
this resource without causing intolerable performance degrada-
tion to the PUs, the system will turn into a licensed resource
sharing (LRS) networking system. In this system, SUs cannot
access any resource block unless they obtain permission from
the corresponding operator.

In this paper, we focus on a cognitive radio (CR) network
in which the spectrum licensed to network operators and their
licensed subscribers (PUs) can be dynamically accessed by
the unlicensed subscribers (SUs) according to different service
requirements and environments [1]. We refer to the licensed
networking system consisting of operators and their corre-
sponding sub-bands and subscribers as the PU network. We also
use the terms frequency band (or spectrum) and sub-band to
denote the resource licensed to each operator and the resource
block that can be allocated to each subscriber, respectively.

We study the dynamic access of a set of SUs to the spectrum
licensed to a PU network with a hierarchical structure consist-
ing of multiple operators and their corresponding sub-bands.
The hierarchical structure of the PU network makes it difficult
for SUs to decide which operators’ sub-bands they want to
access. More specifically, each SU needs to send a request to
an operator before accessing any sub-band. Once its request has
been accepted, the SU will stick to the operator that accepts its
request for a certain period of time. Each operator only holds a
license for a limited number of sub-bands, and hence can only
allow a limited number of SUs to access its spectrum. If the
number of SUs requesting the resources of the same operator
exceeds the limit for this operator, a conflict happens. The oper-
ator and sub-band finally allocated to each SU depend not only
on the preference of the SU over the operators and sub-bands,
but also on rules applied by the PU network to solve conflicts
and on the benefits each operator can obtain from the population
of SUs. For example, suppose one SU believes a sub-band con-
trolled by an operator can provide the maximum performance
and sends its request to this operator. However, the request of
the SU can be rejected by the operator. Or even if the SU’s
request is accepted, its request for the performance-maximizing
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sub-band may be rejected because the operator allocates this
sub-band to another competing SU. In this case, another sub-
band of the operator will be allocated to the SU, which may
result in performance that is even worse than that achieved
by accessing sub-bands of other operators. In other words,
selecting the operator with the performance-maximizing sub-
band may not always the best choice for the SUs. Furthermore,
it has been observed in [2]–[5] that there is no stable mechanism
that can prevent all SUs with a general domain of preferences
from obtaining higher benefits by misrepresenting their true
private information. Therefore, how to design a truth-telling
mechanism that can also result in the optimal social choice for
the SUs is a challenging and important problem.

It can be observed that the interaction among SUs and that
between SUs and PUs play a dominant role in determining the
performance of SUs and the PU network [6]–[8]. This motivates
us to apply game theory to analyze the dynamic spectrum
access problem. However, one of the most important solution
concepts in game theory, the Nash equilibrium, is generally
not unique or optimal [9]. For example, it has been shown in
[10] that if we model the spectrum access problem as a one-
stage non-cooperative game, any sub-band allocation scheme is
a Nash equilibrium. Furthermore, achieving the optimal Nash
equilibrium is not always possible, or if possible, it may be an
NP-hard problem [9], [11].

We consider the distributed optimization of the dynamic
spectrum access (DSA) problem for SUs in a CR network. In
this problem, SUs can access the spectrum licensed to multiple
operators that coexist in the area of interest. To maximize their
payoffs, the SUs will first decide their preferred operators, and
then compete for the limited number of sub-bands of each
operator. Each SU cannot know the preference and the conflict-
solving rule of operators, or observe the private information
such as preferences and payoffs of other SUs. This motivates
us to model the DSA problem as a Bayesian non-cooperative
game, referred to as the DSA game. We seek a self-enforcing
truth-telling mechanism design that can incentivize all SUs
to decide their actions based on their true preference and
can eventually result in a unique and optimal Bayesian Nash
equilibrium. It is observed that the mechanism design not only
includes developing rules for the operators to solve the conflicts
when the number of requesting SUs exceeds the limit but also
requires establishing policies for strategic SUs to distributedly
compete for the limited number of operators and sub-bands. To
solve the above problem, we model the PU network as a forest
structure [12] and propose a novel forest matching market to
model the interaction between the SUs and the PU network.
The DSA problem of SUs can then be modeled as a matching
problem between a set of SUs and a forest consisting of a set
of roots (operators) and their corresponding leaves (sub-bands).
We develop a distributed Bayesian hierarchical algorithm that,
despite the private information and selfish behavior of SUs,
can result in a unique and stable forest matching structure
which coincides with the optimal Bayesian Nash equilibrium
of the DSA game. Our proposed solution contains two separate
algorithms for SUs to choose their operators and sub-bands
and a Bayesian belief updating algorithm. We also prove that
the associated Bayesian hierarchical mechanism incentivizes all

SUs to select the operators and sub-bands based on their true
private information.

Let us briefly summarize the main contributions of the paper
as follows:

1) We formulate a Bayesian non-cooperative game-based
framework to model the DSA problem of SUs in a CR
network.

2) We introduce a novel Bayesian hierarchical mechanism
design framework to approach the unique and optimal
Bayesian Nash equilibrium of our DSA game.

3) We propose a novel stable forest matching algorithm to
achieve a stable matching between a set of SUs and a hi-
erarchical PU network which coincides with the optimal
Bayesian Nash equilibrium of our DSA game.

4) We present numerical results to assess the performance of
the proposed methods under different situations.

The rest of this paper is organized as follows. The back-
ground and related work are reviewed in Section II. The
network model is introduced in Section III. We establish the
DSA game in Section IV. We introduce the forest matching
market and the Bayesian hierarchical mechanism in Section V.
Extensions and future works are discussed in Section VI. The
numerical results are presented in Section VII, and the paper is
concluded in Section VIII.

II. BACKGROUND AND RELATED WORK

Game theory has been widely applied to analyze the per-
formance of CR networks. More specifically, in [6], [8], [13],
[14], the sub-band allocation problem for CR networks has been
modeled as a non-cooperative game to study the interaction
among the competing SUs. Coalitional game theoretic models
have been applied to study the interaction among the cooper-
ative users in CR networks in [15], [16]. A detailed survey of
applications of game theory to CR networks has been presented
in [17]–[20].

Although game theory has been shown to be an effective tool
to study and analyze the interaction among individual players,
it is known that its outcomes such as the Nash equilibrium
solution, are generally not unique or optimal. This motivates
mechanism design, whose main objective is to lead the in-
stitutions governing the interactions of a game to implement
a socially desirable solution [21]. In [22], [23], an auction
mechanism has been applied to CR networks where cheating
between wireless devices has been avoided by allowing pay-
ments received by each wireless device to be freely transferred.
However, in many practical wireless systems, payment/money
transferring between SUs is unrealistic [24]–[26]. In this paper,
we focus on designing a mechanism without monetary exchange
where each SU only cares about its own private payoff and
there is no information exchange among SUs. To the best of our
knowledge, this is the first work to consider mechanism design
without monetary exchange for CR networks.

We propose a novel forest matching market which can be
regarded as a generalization of the traditional two-sided match-
ing market (also called stable marriage market [27], bipartite
matching market [28], [29]). The two-sided stable matching
problem has been widely studied from both theoretical and
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Fig. 1. A CR network with 3 operators, 7 SUs, and 6 PUs.

practical perspectives [27], [28], [30]–[32]. In this problem,
each agent belonging to one side of the market has a preference
over the agents of the other side, and tries to find a matching
that can optimize its performance. Many extensions of these
problems have been studied in the literature. More specifically,
the case of some agents on one side with preferences over a
sub-set of the agents on the other side has been studied in
[33]. The case that the agents from one side can have equal
preference over multiple agents of the other side, also called
stable marriage with tie, has been studied in [34]. Empirical
studies of the different variations of the two-sided matching
problem have been reported in [31], [35]. A survey of the stable
marriage market and its variants has been presented in [36].

Different from the existing works, we consider the case in
which a set of agents from one side consists of a forest structure.
We focus on the matching problem between the set of agents of
one side and the roots and leaves in a forest of the other side.
To the best of our knowledge, this is the first work to study the
matching problem between a set of agents and a forest.

III. NETWORK MODEL

We consider a CR network in which a set of K SUs D =
{D1, D2, . . . , DK} shares the spectrum held by a set of L
co-located network operators O = {1, 2, . . . , L} as shown in
Fig. 1. Each operator i has been licensed an exclusive set of
sub-bands, labeled as Si = {S1

i , S
2
i , . . . , S

Ni
i } where Ni is the

number of sub-bands licensed to operator i and Si ∩ Sj = ∅
for i �= j and i, j ∈ O. We also denote S =

⋃L
i=1 Si. We label

the PU currently occupying sub-band Sl
i as P l

i for P l
i �= 0. If

there is no PU using sub-band Sl
i , we have P l

i = 0. Let Pi be
the set of all PUs in operator i, i.e., Pi = {P l

i : P l
i �= 0, ∀ l ∈

{1, 2, . . . , Ni}}. We list the main notation adopted in this paper
in Table I.

TABLE I
LIST OF NOTATIONS

We assume that each sub-band (either occupied or unoccupied
by a PU) can be accessed by at most one SU. This assumption
is reasonable because imposing the limit of one SU to share
each sub-band allows the operator to evaluate and control the
interference caused by SUs. For example, if either the PU or
SU, or both, observes higher-than-tolerable interference, the
operator can simply remove the SU from the sub-band. If two
or more SUs share the same sub-band, it will be difficult to
evaluate which SU causes the highest interference to the PU
network, or which SU has to be removed, and it is generally
inefficient to simultaneously remove all SUs from the sub-band
whenever an operator observes high interference. Our model
can be extended to the case with more than one SU sharing
each sub-band. We will provide a more detailed discussion in
Section VI.

We consider the following power constraints in each sub-
band Sl

i of operator i:

hP l
i
Dk

wDk
≤ Q̄l

i, if P l
i �= 0, (1)

where hP l
i
Dk

is the channel gain between PU P l
i and SU Dk

in sub-band Sl
i , wDk

is the transmit power of Dk and Q̄l
i is the

maximum tolerable interference level for sub-band Sl
i . If an SU

Dk cannot satisfy the above constraint, it will be excluded from
sub-band Sl

i .
Let the payoff obtained by each SU Dk in sub-band Sl

i be
�Dk

[Sl
i] for Sl

i ∈ Si. We consider a general model and the
payoff of each SU can be any performance measure or function
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generated from its received signal-to-interference-plus-noise
ratio (SINR). For example, if the SU wants to maximize its
transmit rate per bandwidth price, the payoff function of SU
Dk when it accesses sub-band Sl

i can be written as

�Dk

[
Sl
i

]
=

ρli
e
(
ρli
) log (1 + SINRDk

[
Sl
i

])
, (2)

where ρli is the bandwidth of sub-band Sl
i and e(ρli) is the

price of bandwidth paid to the operator i and SINRDk
[Sl

i]
is the signal to noise ratio received at SU Dk in sub-band Sl

i ,
given by

SINRDk

[
Sl
i

]
=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

h
Dk[Sl

i]
wDk

σ
Dk[Sl

i]
+h

Pl
i
Dk

w
Pl
i

, if P l
i �= 0,

h
Dk[Sl

i]
wDk

σ
Dk[Sl

i]
, if P l

i = 0,
(3)

where hDk[Sl
i
] is the channel gain between the source and des-

tination of SU Dk in sub-band Sl
i , σDk[Sl

i
] is the additive noise

received by SU Dk in sub-band Sl
i , and wP l

i
is the transmit

power of P l
i . We have �Dk

[Sl
i] �= �Dk

[Sn
m] for Sl

i �= Sn
m and

Sl
i, S

n
m ∈ S .

The revenue ηSl
i
[Dk] obtained by operator i by allowing

SU Dk to access sub-band Sl
i can be a function of the re-

sulting interference. For example, if the revenue ηSl
i
[Dk] is a

linear function of the received interference at PU P l
i when

P l
i �= 0 or the SINR of Dk when P l

i = 0, we have1

ηSl
i
[Dk] =

⎧⎪⎨
⎪⎩

βihDkP l
i
wDk

, If P l
i �= 0,

βi
h
Dk[Sl

i]
wDk

σ
Dk[Sl

i]
, If P l

i = 0,
(4)

where βi is the pricing coefficient of operator i. If it is clear
from the context that Dk obtains a sub-band from operator i,
we use ηi[Dk] to denote the revenue of operator i obtained from
SU Dk.

As mentioned previously, each operator i has a limited
number of sub-bands, and hence can only provide services to a
limited number of SUs. We refer the maximum number of SUs
an operator i can accept as its quota, denoted as qi. Note that
qi ≤ Ni needs to be satisfied when each sub-band can be occu-
pied by at most one SU. However, if we allow multiple SUs to
share each sub-band, we will have qi > Ni. We will discuss this
case in detail at Section VI. In this paper, we set qi = Ni for i ∈
O. When the number of SUs requesting permission to access
the spectrum of operator i exceeds qi, a conflict will happen. In
this case, only qi SUs will be accepted and the remaining SUs
will be rejected and excluded from the spectrum of operator
i. These rejected SUs will then send their requests to other
operators. The process will continue until all SUs have been
allocated operators. Similarly, if a set of SUs, labeled as Ui, has

1Applying a linear function of the resulting interference as the pricing
function of the operators has been adopted in [6], [8], [37], [38]. Applying a
linear function of SINR for each SU as the pricing function is motivated by the
fact that many existing telecommunication mobile systems charge according to
their communication data rates, which are monotonically increasing functions
of SINR. Note that, in these pricing functions, the operator can control the
interference of SUs to the PU network by adjusting the value of pricing
coefficient βi [6].

been accepted by operator i, these SUs will then compete for
the set Si of sub-bands of operator i. If at least two SUs in Ui

choose the same sub-band, only one of them will be allowed to
access this sub-band. The rest of the requesting SUs will have to
compete for the remainder of sub-bands in Si. We assume SUs
are selfish and always try to maximize their payoff. Each SU
can establish and maintain a preference, a ranked list, over the
operators and their corresponding sub-bands. Let the preference
of each SU Dk over the operators and sub-bands be Ro

Dk
and

Rb
Dk

, respectively. Note that Ro
Dk

and Rb
Dk

are closely related
to each other. For example, consider a CR network with two
operators 1 and 2. If an SU Dk believes that the sub-band it
can obtain from operator 2 can provide a higher payoff than
that from operator 1, the preference of SU Dk over operators
is given by Ro

Dk
= 〈2, 1〉. If we use ĩDk

to denote the ith most
preferred operator for SU Dk, we can rank the operators from
the most to the least preferred ones for SU Dk and write its
preference as Ro

Dk
= 〈1̃Dk

, 2̃Dk
〉 where 1̃Dk

= 2 and 2̃Dk
= 1

in this example. Similarly, if we use S̃n
Dk

to denote the nth
most preferred sub-band for SU Dk of its chosen operator i,
we can write the preference of Dk ∈ Ui over the set Si of sub-
bands as Rb

Dk
= 〈S̃1

Dk
, S̃2

Dk
, . . . , S̃Ni

Dk
〉. We can also write the

preference of each SU Dk as RDk
= 〈Ro

Dk
,Rb

Dk
〉. We denote

Ro={Ro
Dk

}
Dk∈D

, Rb={Rb
Dk

}
Dk∈D

and R={RDk
}Dk∈D.

We assume that each operator i will only release sub-band in-
formation to the SUs that have been given permission to access
its spectrum. In other words, an SU Dk can only establish the
preference Rb

Dk
over the sub-bands of operator i if the request

sent by SU Dk has been accepted by operator i.
The operator and sub-band finally allocated to each SU Dk

not only depend on the preference of SU Dk but also relate
to the conflict-solving rules employed by the operators and the
payoffs and preferences of other SUs. Therefore, establishing
a proper rule for the operators to accept or reject the requests
of SUs is very important. We consider distributed optimization
for the DSA problem in a CR network and assume SUs cannot
exchange information with each other or know the preference
or conflict-solving rules of PUs.

Since each SU will send its request signal to the operators
before accessing any sub-band, each operator can use the
received request signal to evaluate the resulting revenues and
establish its preference over the requesting SUs. In our model,
different operators can belong to different network systems and
hence cannot communicate or exchange information such as the
preference and the revenues with each other. Note that each
operator needs to first decide whether to grant permission to
access its spectrum to SUs before knowing which specific sub-
bands will be requested by each SU. In this paper, we mainly fo-
cus on the dynamic spectrum access (DSA) of SUs, and assume
the preference Ri of each operator i over the SUs has been
established based on a predefined criterion unrelated to the final
sub-band allocated to each SU.2 For example, if the operators

2This setting has already been applied in many practical systems. For exam-
ple, in college admission systems, many universities have general admission
requirements, such as SAT score and high school transcripts, for accepting
students [39]. These requirements are unrelated to which departments or
programmes the students finally choose.
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try to maintain a guaranteed worst case revenue from SUs, the
preference of each operator j will be a list of SUs in the order
of the guaranteed minimum revenue obtained when each SU
accesses the sub-band providing the minimum revenue, i.e.,
the preference of operator i over SUs is given by Ri={D̃1

i ,
D̃2

i , . . . , D̃
K
i } where D̃k

i is the kth most preferred SU of oper-
ator i and, for any two SUs D̃n

i , D̃
k
i ∈D, n<k if ηmin

i [Dn]>
ηmin
i [Dk], where ηmin

i [Dk]= min
Sl
i
∈Si

{ηSl
i
[Dk]}, ∀Dk ∈ D.

After a set of SUs obtains permission to access sub-bands
of operator i, they will compete with each other for the set
of sub-bands Si. In this case, operator i can also establish
a preference RSl

i
for each of its sub-band Sl

i over all the

accepted SUs,3 i.e., the preference for sub-band Sl
i , denoted by

RSl
i
= {D̃1

Sl
i

, D̃2
Sl
i

, . . . , D̃
|Ui|
Sl
i

}, should satisfy that, for any two

SUs D̃n
Sl
i

, D̃k
Sl
i

∈ Ui, n < k means ηSl
i
[Dn] > ηSl

i
[Dk].

In a CR network, each SU needs to request permission from
an operator before accessing its sub-bands. In many practical
systems, once the request has been accepted, an agreement
(e.g., a contract) between the SUs and the operators that accept
their requests will be enforced to avoid SUs changing their
decisions within a short period of time and also to prevent
the operators from retracting the allocated sub-bands from SUs
within the agreed time period. For example, in a telecommuni-
cation system, a mobile service subscriber needs to sign a fixed-
term contract with a telecommunication operator and cannot
switch to another operator within the contract period. In this
paper, we assume the communication time can be divided into
time slots. At the beginning of each time slot, all SUs decide
which operators and sub-bands to send their request to. The SUs
cannot change their decisions during the rest of each time slot,
but can switch to different operators and sub-bands in different
time slots. In the rest of this paper, we focus on designing a
mechanism that can incentivize SUs to make decisions based
on their true preference and eventually approach a socially
desirable outcome. It is generally unrealistic to assume each SU
can predict the type information of other SUs instantaneously
before it makes decisions at the beginning of each time slot. It is
however possible for each SU to eavesdrop on the past decisions
of other SUs. Therefore, we assume each SU can observe the
decisions of other SUs in the previous time slots. Note that the
belief and the decision of each SU in the current time slot are
private information that is nnot be known by other SUs.

IV. A BAYESIAN GAME FRAMEWORK AND

MECHANISM DESIGN FOR DSA PROBLEM

A. A Bayesian Game Framework

We model the DSA problem of SUs as a Bayesian game,
referred to as the DSA game, which is formally defined as
follows.

3As observed in Section III, to maintain the QoS of the existing PUs, the
sub-band sharing between SUs and PUs needs to be strictly controlled by the
operators. Therefore, the preference of each sub-band over the SUs has to be
established and maintained by the operators. To simplify our discussion, in this
paper, we use the term “preference of sub-band” to denote the preference of the
operator over the access by the SUs to each of its sub-bands.

Definition 1: The DSA game is defined by a tuple G =
〈D,A,T ,B, �̄〉 where D is the set of players (i.e., SUs), A =
{ADk

}Dk∈D is the action space of SUs, T = {TDk
}Dk∈D is the

type space of SUs, B = {BDk
}Dk∈D is the belief function of

SUs about types of others, and �̄ is the payoff of SUs.
In DSA game, action aDk

= 〈aoDk
, abDk

〉 of each SU Dk can
be divided into two parts: operator selection action aoDk

∈ O ∪
{∅} specifies which operator SU Dk will send its request to,
and sub-band selection action abDk

∈ S ∪ {∅} specifies which
sub-band SU Dk will request after being granted permission to
access the spectrum of an operator. We can write set ADk

of the
possible actions of each SU Dk as ADk

= O ∪ {∅} × S ∪ {∅}.
For example, aoDk

= i means SU Dk decides to send request to
operator i. If aoDk

= ∅, it means Dk does not send a request
to any operator. We also use abDk

= Sl
i to mean that Dk will

send a request for sub-band Sl
i after being accepted by operator

i. Similarly, we use abDk
= ∅ to mean Dk does not send a

request for any sub-band. We denote ao = {aoDk
}
Dk∈D

, ab =

{abDk
}
Dk∈D

and a = {aDk
}Dk∈D. The request sent by each SU

to the operators for sub-bands can be rejected according to the
operator’s conflict-solving rules. We define the conflict-solving
rule of operators as a function Γo such that Γo(Dk,a

o) = i
means that operator i accepts the request sent by SU Dk. If
Dk cannot obtain permission to access the spectrum of any
operator, we write Γo(Dk,a

o) = Dk. Similarly, we define the
conflict-solving rule of sub-bands4 as a function Γb such that
Γb(Dk,a

b) = Sl
i means that Dk has been given permission to

access sub-band Sl
i of operator i. We use Γb(Dk,a

b) = Dk

to mean that Dk cannot access any sub-band of its operator.
We denote the final operator and sub-band allocation structure
as Γ = 〈Γo,Γb〉, i.e., Γ(Dk,a) = 〈i, Sl

i〉 means Dk has been
assigned to operator i and sub-band Sl

i . The type yDk
∈ TDk

of each SU Dk which includes its preference over the possible
actions is private information and can only be known by itself.
Each SU cannot know the types of other SUs but can establish
a belief function about actions of other SUs using its previous
observations. Since each SU decides its action using its type,
we can define a strategy function fDk

for each SU Dk to map
its type into an action, i.e., fDk

: TDk
→ ADk

. In this way, we
can convert the belief BDk

(y−Dk
) of each SU Dk about the

types of their SUs into the belief about the actions of other
SUs, denoted as bDk

(a−Dk
). From the previous discussion, it

can be observed that the final operator and sub-band allocation
structure can be determined by the action profile of all SUs and
the conflict-solving rules of operators and sub-bands. We can
hence write the expected payoff of each SU Dk achieved by its
action aDk

and belief bDk
(a−Dk

) for the given conflict-solving
rules of operators and sub-bands as

�̄Dk
(aDk

, bDk
(a−Dk

))

=
∑

a−Dk
∈A−Dk

bDk
(a−Dk

)�Dk

[
Γb(Dk,a

b)
]
, (5)

4In most existing wireless networking systems, the operator controls the sub-
band usage. Therefore, in this paper, we use the term “conflict-solving rule of
sub-band” to mean the acceptance and rejection decision of the operator about
the request sent by SUs for each of its sub-bands.
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where −Dk denotes all SUs except Dk and �Dk
[Γb(Dk,a

b)]
is the payoff obtained by Dk when accessing sub-band
Γb(Dk,a

b) defined in (2). Note that Γb(Dk,a
b) is the result

of the action profile of all SUs as well as the conflict-solving
rules of both operators and sub-bands.

We consider a (finitely) repeated game setting in which each
SU can learn from the resulting payoffs and the observations
of the previous time slots and update its belief function at
the end of each time slot. Each SU will then use the updated
belief function to decide its preference and action for the next
time slot.

The main solution concept in our proposed DSA game is
the Bayesian Nash equilibrium, which is formally defined as
follows.

Definition 2: A Bayesian Nash equilibrium of the DSA game
is an action profile a∗ = 〈a∗Dk

〉
Dk∈D

such that

�̄Dk

(
a∗Dk

, bDk

(
a∗
−Dk

))
≥ �̄Dk

(
aDk

, bDk

(
a∗
−Dk

))
,

∀ aDk
∈ ADk

and Dk ∈ D. (6)

A Bayesian Nash equilibrium a∗ is said to be (Pareto) opti-
mal if there is no other Bayesian Nash equilibrium a′ such
that �̄Dk

(a∗Dk
, bDk

(a∗
−Dk

))≤�̄Dk
(a′Dk

, bDk
(a′

−Dk
))∀Dk∈D

where the inequality holds strictly for at least one SU.

B. Bayesian Mechanism Design

It has been observed [11], [30] that for an unrestricted
domain of the action profiles of SUs, at least one SU can
always improve its performance by misrepresenting its true
type, assuming other SUs tell the truth. We hence also seek
a mechanism that prevents SUs from obtaining benefits by
“cheating” on their strategies. We define a set Λ of alternatives
(candidates) as the set of all possible operator and sub-band al-
locations of SUs. As mentioned previously, for a given conflict-
solving rule, each action profile of SUs will result in a sub-band
allocation scheme for SUs, i.e., we use λ ∈ Λ to denote an
operator and sub-band allocation scheme. Let us define the
social choice function as follows.

Definition 3: A social choice function c : T → Λ is a map-
ping from the type of all SUs to a single candidate of the social
choice.

The social choice function specifies the possible resulting
outcome of our DSA game with each type profile y of SUs.
Let us define the Bayesian mechanism as follows.

Definition 4: [11, Chapter 9.3.2] [21, Chapter 4.1] A
Bayesian (direct revelation) mechanism for the DSA game is
given by the type space T , belief function b, action space
A defined in Definition 1, an alternative set Λ, payoff �̄Dk

for each SU Dk and an outcome function u : A → Λ. A
Bayesian mechanism implements a social choice function c if
for some Bayesian Nash equilibrium a∗ of DSA game, we have
c(y) = u(a∗) for all y ∈ T . A Bayesian mechanism is said to
be incentive compatible (also called strategy-proof or truthful)
if the social choice function c(y) = λ satisfies the following
condition for all SUs,

�̄Dk

(
a∗Dk

, bDk
(a−Dk

)
)
≥ �̄Dk

(aDK
, bDk

(a−Dk
)) ,

∀Dk ∈ D, a∗Dk
, aDk

∈ ADk
, and a−Dk

∈ A−Dk
.

Fig. 2. A forest matching structure for the CR network given in Fig. 1.

In this paper, we seek a mechanism that plays the role
of an invisible hand, that is, when SUs interact through the
mechanism, despite the private information, self-interested and
autonomous behavior of the SUs, they will have an incentive
to make their decisions based on their true type information,
which eventually leads to the optimal Bayesian Nash equilib-
rium of the DSA game.

V. BAYESIAN HIERARCHICAL MECHANISM DESIGN

USING A FOREST MATCHING ALGORITHM

To design a mechanism for CR networks, we need to develop
the conflict-solving rule for operators and sub-bands and, for
the SUs, we should establish the competition policies that can
lead to the optimal Bayesian Nash equilibrium. This motivates
us to model the interaction between the SUs and the PU network
as a two-sided matching market. In the rest of this section,
we propose a distributed algorithm that approaches a unique
and stable matching structure which coincides with the optimal
Bayesian Nash equilibrium of the DSA game. We then intro-
duce a Bayesian hierarchical mechanism that can incentivize
truth-telling by all SUs.

We first model the PU network as a two-layer forest as
follows. The PU network consists of a forest structure with L
trees, each of which corresponds to an operator and its sub-
bands. More specifically, the roots of the forest represent the
operators, and the leaves represent the operators’ sub-bands
and associated ability to share their sub-bands with SUs (i.e.,
payoffs and channel gains associated with sub-band sharing).
We introduce a forest matching market, in which the set of
SUs will be first partitioned into L sub-sets, each of which
corresponds to a set of SUs matched to the same operator (root).
Each SU can then request a sub-band (leaf) of its matched
operator (root). Let the forest be H = 〈V, E〉 where V = S ∪ O
is the set of vertices consisting of both roots and leaves and
E is the set of edges connecting different vertices. In the PU
network, only each root (e.g., operator i) and its corresponding
leaves (e.g., sub-bands in Si) are connected with edges. We
illustrate the forest matching market for the CR network of
Fig. 1 in Fig. 2. Let us formally define the forest matching
market as follows.
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Definition 5: We define a forest matching market as F =
〈D,H,�〉 where D is a set of agents, H is a forest structure,
and � is the preference.

We mainly focus on a (two-sided) forest matching market
with a two-layer forest structure in one side of the market. In
this market, the preference of each agent over a forest consists
of two preference lists: the preference over the roots and the
preference over the leaves. Similarly, each root or leaf can also
have a preference over the agents. Our model can be extended
into more general cases that contain a forest with more than
two layers by introducing the preferences for agents (and each
element in each layer) over elements in each layer (and agents),
which will be discussed in Section VI. In the rest of this paper,
we abuse the notation and use j and Si

j to denote the jth root
and the ith leaf in root j, respectively.

The above definition can be regarded as a generalization of
the traditional two-sided stable matching markets [4], [11], [30]
into a forest structure. Note that if there are no roots in the forest
structure (called a zero-connection or zero-order forest [12]),
the forest matching market becomes equivalent to the two-sided
matching market.

Each agent Dk ∈ D can only obtain its payoff after being
matched to a specific leaf belonging to a specific root. Let
us define the matching between the agents and a forest as
follows.

Definition 6: We define a (2-layer forest) matching as M =
〈Mo,M b〉 where

1) Mo is a function from the set D ∪O into the set
of unordered families of elements of D ∪O such that
|Mo(Dk)| = 1 for every agent Dk and Mo(Dk) = Dk

if Mo(Dk) �∈ O, |Mo(i)| ≤ qi for every i ∈ O, and
Mo(Dk) = i if and only if Dk ∈ Mo(i),

2) M b is a function from the set D ∪ S onto itself such that if
M b(Dk) �= Dk, then M b(Dk) ∈ S and if M b(Sk

j ) �= Sk
j

then M b(Sk
j ) ∈ D, and M b(Dk) = Sk

j ⇔ M b(Sk
j ) =

Dk∀Dk ∈ Mo(j).

In our model, not all SUs will be accepted by the operators.
We use Mo(Dk) = Dk or M b(Dk) = Dk to mean that SU Dk

cannot be matched with any operator or sub-band. Note that in
the forest matching market, for each agent Dk, being matched
with a root i cannot guarantee that it will also be matched with
a leaf in Si, i.e., even if Dk satisfies Mo(Dk) �= Dk, it can still
have M b(Dk) = Dk.

Let us define the dynamic spectrum access of SUs in a CR
network as a forest matching market FDSA = 〈D,H,�〉 in
which the agents are the SUs. H is the forest structure of the PU
network, where the operators are the roots and the sub-bands
licensed to the operators are the leaves.

Our main objective is to develop an algorithm that can
achieve a stable matching between the SUs and the PU network.
We introduce the concept of stability for the forest matching
market as follows.

Definition 7: A (forest) matching M is said to be stable
if every agent believes that matching M cannot be strictly
improved upon by any agent, agent-and-root, or agent-and-leaf
pair.

Fig. 3. The relationship between different algorithms for our stable forest
matching market.

Finding the optimal action profile of SUs requires us to
jointly optimize two sub-problems, the operator and sub-band
selection sub-problems, and the belief function of SUs. In the
remainder of this section, we first model the operator selection
sub-problem as a two-sided many-to-one matching market with
private belief (to be discussed in Section V-A) in which the
SUs will be matched to L operators. We then model the sub-
band selection sub-problem as a two-sided one-to-one matching
market with private belief (to be discussed in Section V-B).
At the end of each time slot, each SU obtains its payoff and
updates its belief using a Bayesian belief updating algorithm
(to be discussed in Section V-C). We illustrate the relation-
ship between different markets and corresponding algorithms
in Fig. 3.

A. Operator Selection Sub-Market

In this and next subsections, we assume that each SU Dk has
a fixed private belief function bDk

(a−Dk
). We will relax this

assumption and discuss the Bayesian belief updating algorithm
in Section V-C.

Each SU Dk tries to be matched with an operator which is
believed to be able to provide the sub-band that can maximize
the payoff of Dk. We model this problem as a two-sided many-
to-one matching market with private belief, which is defined as
follows.

Definition 8: A (two-sided many-to-one) matching market
with private belief is a market GM1 = 〈D,O, b,�〉 where D
and O are two finite and disjoint sets of agents, b is the vector
of the given belief functions, and � is the preference of each
agent.

We define the operator selection sub-problem as a (two-sided
many-to-one) matching market with private belief, referred to
as the operator selection sub-market, in which D is the set of
SUs, O is the set of operators and b is the belief of SUs.

In the operator selection sub-market, each SU Dk will first
send a request to the operator which, according to the belief
function of Dk, will allocate the payoff-maximizing sub-band
to Dk. However, the final sub-band that will be allocated by
each operator to SU Dk is not only related to action aDk

of Dk

but also depends on the types and belief functions of other SUs
which are unknown to SU Dk. Each SU Dk needs to estimate
the expected payoff obtained from each operator i using its
belief function, i.e., for the given belief function bDk

(a−Dk
)
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of SU Dk, the expected payoff of Dk when Dk chooses action
aoDk

= i is given by

�̂Dk

(
aoDk

= i, bDk
(a−Dk

)
)

= max
ab
Dk

∈Si∪{∅}

∑
a−Dk

∈A−Dk

bDk
(a−Dk

)�Dk

[
M b(Dk)

]
, (7)

where �Dk
[M b(Dk)] is given in (2). Each SU Dk can then

establish the preference list Ro
Dk

about the operators by ranking
the above expected payoffs obtained from each operator in (7)
from the highest to the lowest.

We use Dk �i Dn to denote that operator i prefers SU Dk to
SU Dn, i.e., ηmin

i [Dk] > ηmin
i [Dn], and use i �Dk

m to denote
that SU Dk prefers accessing the spectrum of operator i to
that of operator m for i �= m and i,m ∈ O, i.e., �̂Dk

(aoDk
=

i, bDk
(a−Dk

)) > �̂Dk
(aoDk

= m, bDk
(a−Dk

)).
In the operator selection sub-market, we seek a matching Mo

between SUs and operators that is optimal for SUs, that is, there
is no stable matching M ′o such that M ′o(Dk) �Dk

Mo(Dk)
or M ′o(Dk) = Mo(Dk) for all Dk ∈ D with M ′o(Dn) �Dn

Mo(Dn) for at least one Dn ∈ D.
Note that the operator selection sub-market is equivalent to

the traditional two-sided many-to-one matching market [30],
also called the college admission market (or the hospitals and
residents market), except that, in the latter market, there is no
belief function for each SU. This makes it possible for us to
apply the deferred-acceptance algorithm [5], [11] to achieve a
unique and stable matching between SUs and operators.

Before we present the detailed algorithm, let us briefly dis-
cuss the timing structure of CR networks. At the beginning of
each time slot, the SUs send a request signal to their preferred
operators and wait for confirmation. If an SU receives the
confirmation of acceptance from the requested operator, it will
then compete with the other accepted SUs for the sub-bands of
the operator. We will provide a more detailed discussion about
the sub-band selection sub-problem in the next subsection. Let
us now present the detailed operator selection algorithm as
follows:

Algorithm 1: An Operator Selection Algorithm

Input: Each SU Dk establish a preference Ro
Dk

using (7).
Every operator i establishes a preference Ri.
Output: a matching Mo.

1) Initilization: Every SU Dk sends a request signal to
its most preferred operator aoDk

= 1̃Dk
,

2) WHILE every SU is on the waiting list of an operator
and no operator will reject any SU
i) Each SU Dk that receives a rejection message from

operator i removes operator i from its preference
Ro

Dk
, and then sends a request signal to the most

preferred operator in the updated Ro
Dk

.
ii)Each operator i establishes a waiting list and keeps

up to qi most preferred SUs that send requesting
signals to it into its waiting list and rejects the
remaining requesting SUs.

ENDWHILE
3) Every operator sends accepting message to the set of

SUs in its waiting list.

The above algorithm is a direct application of the modified
deferred-acceptance algorithm for the two-sided matching mar-
ket introduced in [30]. Note that if an SU has been rejected by
all operators at the end of the above algorithm, it cannot access
any sub-band of the operators.

From Algorithm 1, we can write the conflict-solving rule for
the operator as follows: if the number of SUs who send request
to operator i exceeds qi, operator i will send rejection messages
to all the SUs except for the qi most preferred SUs that have
send requests to operator i so far.

We can prove the following result about Algorithm 1.
Proposition 1: Algorithm 1 terminates in a unique and stable

matching and the resulting matching Mo between operators and
SUs is optimal for SUs.

Proof: See Appendix A. �
We have the following result about the complexity of

Algorithm 1.
Proposition 2: The complexity of Algorithm 1 is O(LK) in

the worst case where L is the number of operators and K is the
number of SUs.5

Proof: See Appendix B. �

B. Sub-Band Selection Sub-Market

After all SUs have been matched to the operators, each SU
can then decide which specific sub-band it can access. To solve
this problem, we can model this problem as a two-sided one-
to-one matching market with private belief, which is defined as
follows.

Definition 9: Let us define the two-sided one-to-one match-
ing game with private belief as GM2 = 〈Ui,Si, b,�〉, which
consists of two sets of finite and disjoint sets of agents Ui and
Si, a vector of beliefs and the preference �.

We model the sub-band selection sub-problem as a two-sided
one-to-one matching market with private belief, referred to as
the sub-band selection sub-market, in which Ui = Mo(i) is the
set of SUs matched to operator i by Algorithm 1 and Si is the
set of the existing sub-bands controlled by operator i. The belief
function is defined in Section IV. In the sub-band selection sub-
market, the SUs accepted by the same operator (e.g., operator i)
compete for set Si of sub-bands. Each SU can also establish an
estimated version of its expected payoff obtained from each of
its sub-band selection action as follows: supposing Dk has been
accepted by operator i, we define the estimated payoff of SU
Dk when Dk sends a request for sub-band Sl

i as

�̂Dk

(
abDk

= Sl
i, bDk

(a−Dk
)
)

=
∑

a−Dk
∈A−Dk

bDk
(a−Dk

)�Dk

[
M b(Dk)

]
. (8)

5We use Bachmann-Landau notation: f = O(g) if lim
n→∞

f(n)
g(n)

< +∞.
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Each SU Dk accepted by operator i can then establish its
preference Rb

Dk
over sub-bands in Si by ranking the estimated

payoff in each sub-band of operator i in (8) from the highest to
the lowest values. Operator i can also evaluate the preference
Rb

Sl
i

of each sub-band Sl
i over the accepted SUs using its

received request signals sent by the SUs. We abuse the notation
and use Sl

i �Dk
Sm
i to denote that SU Dk prefers sub-band

Sl
i over sub-band Sm

i , i.e., �̂Dk
(abDk

= Sl
i, bDk

(a−Dk
)) >

�̂Dk
(abDk

= Sm
i , bDk

(a−Dk
)). Similarly, Dk �Sl

i
Dn means

sub-band Sl
i prefers SU Dk over SU Dn, i.e., ηSl

i
[Dk] >

ηSl
i
[Dn] for Dk, Dn ∈ Mo(i).

Similar to the operator selection sub-market, we seek a
matching M b between SUs and sub-bands of their matched
operator that is optimal for SUs, that is, there is no stable
matching M ′b between the set Mo(i) of SUs and set Si of
sub-bands such that M ′b(Dk) �Dk

M b(Dk) or M ′b(Dk) =
M b(Dk) for all Dk ∈ Mo(i) with M ′b(Dn) �Dn

M b(Dn) for
at least one Dn ∈ Mo(i).

Similarly, we can observe that the above matching market
is equivalent to the traditional two-sided one-to-one matching
market [30], also called the stable marriage market, with the ex-
ception that set Ui and the preference of each SU depend on its
belief. We can again apply the deferred-acceptance algorithm
to achieve a unique, optimal and stable matching. We refer to
this algorithm as Algorithm 2: sub-band selection algorithm.
This algorithm is similar to the operator selection algorithm
described in Algorithm 1 with the difference that the quota for
each sub-band is 1. Similarly, we can write the conflict-solving
rule for the sub-band as follows: if there are two or more SUs
who send request for sub-band Sl

i , operator i will send rejection
messages to all the SUs except for the most preferred SU that
sends request for sub-band Sl

i so far. We omit the detailed
description of the algorithm due to space limitations.

We have the following results.
Proposition 3: Algorithm 2 terminates in a unique and stable

matching and the resulting matching M b between SUs and sub-
bands is optimal for SUs.

The proof of the above proposition follows the same line as
that of Proposition 1. We omit the detailed derivation due to the
space limitations.

We have the following result about the complexity of
Algorithm 2.

Proposition 4: The complexity of Algorithm 2 for every
operator i in the worst case is O(Ni · |Ui|).

The proof of the above proposition follows the same line as
that of Proposition 2. We omit the details.

C. Bayesian Hierarchical Mechanism

In this subsection, we introduce a Bayesian belief updating
algorithm for all SUs to iteratively update their beliefs. We
use [t] to denote the parameters in the tth time slot. From
Proposition 1 in Section III, it can be observed that for each
action profile a, belief function and preference of SUs, the
resulting matching Mo between SUs and operators is also
determined. From Proposition 3, we can observe that for every
matching Mo achieved by Algorithm 1, the preference of each

SU Dk over sub-bands of its matched operator is also fixed.
Combining these two observations, we can claim that, for every
given preference profile R which is calculated by the beliefs
of SUs, the resulting matchings in both operator and sub-band
selection sub-markets using Algorithms 1 and 2 are fixed. To
optimize the matching for the operator selection and sub-band
selection sub-markets, SUs only need to determine their belief
function. Following the same line as Section III, each SU’s
belief regarding the resulting matchings and the preferences of
other SUs follow from an unknown stationary distribution [9],
and hence each SU can use the following equation to calculate
the belief about the operator selection action profile of other
SUs at the beginning of each time slot t,

bDk
(a−Dk

[t]) =
θDk

(a−Dk
[t− 1])

t− 1
(9)

where θDk
(a−Dk

[t− 1]) =
∑

u∈{1,...,t−1}
Dir(a−Dk

[u] =

a−Dk
[t− 1]) is the number of times that SU Dk observes

actions a−Dk
[t− 1] of other SUs during the previous t− 1

time slots and Dir(·) is the Dirac delta function. After updating
its belief using (9), each SU updates its preference over
operators and sub-bands using (7) and (8), respectively. The
main idea of the above belief updating rules is that each SU
estimates the resulting matching using the frequency with
which each matching has been observed in the previous history.

Since each SU cannot have any observation history before
the start of the spectrum access process, it is necessary for each
SU to set a prior distribution bDk

(a−Dk
[0]) at the beginning of

the process. This prior can be obtained by allowing all SUs to
go through a training process. More specifically, all SUs can
randomly choose their operators to establish a prior distribution
during the training period. Note that the prior distribution
obtained by each SU does not affect the long-term learning
process of SUs because as each SU receives more and more
observations over time, the effects of this prior distribution will
be outweighed [9].

Let us present the Bayesian hierarchical algorithm as
follows:

Algorithm 3: A Bayesian Hierarchical Algorithm

Initialization: Each SUDk has a prior belief bDk
(a−Dk

[0]),
WHILE the matching of the forest matching market is not
stable,
1) SUs enter the operator selection sub-market and apply

Algorithm 1 to find the stable matching Mo,
2) After being matched to the operators, SUs enter the

sub-band selection sub-market and apply Algorithm 2
to find the stable matching M b,

3) After all SUs are matched to the operators and sub-
bands, they use equation (9) to update their beliefs
and then apply equations (7) and (8) to update their
preferences about the operators and sub-bands at the
beginning of the next time slot.

ENDWHILE
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Theorem 1: We have the following results about Algorithm 3:
1) For the resulting beliefs of SUs, Algorithm 3 terminates

in a unique and stable matching M ∗, and the Bayesian
hierarchical mechanism associated with Algorithm 3 is
incentive compatible for SUs.

2) Suppose the belief of each SU converges to a stable prob-
ability distribution before time slot t and matching M [t]
satisfies M [t] = M ∗ where M ∗ is the stable matching
with the resulting belief. Then M [τ ] = M ∗ for all τ > t
using Algorithm 3.

3) The action profile a∗ achieved by Algorithm 3 is the
unique and optimal Bayesian Nash equilibrium of the
DSA game with the resulting beliefs.

Proof: See Appendix C. �
In the rest of this sub-section, we derive the worst case

complexity of Algorithm 3 in each iteration.
Proposition 5: The complexity of Algorithm 3 in each

iteration in the worst case is given by O(L2N2K) for
N = max

i=O
{Ni}.

Proof: See Appendix D. �
Note that, in practice, the number of operators in each

specific local area is always limited, e.g., most countries only
have three or four major telecommunication operators (e.g.,
there are 4 major mobile telecommunication operators that
provide services to cover most of the population in in the United
States.). Therefore, if we can regard L as a small fixed integer,
the complexity of each iteration of Algorithm 3 in the worst
case can be rewritten as O(N2K).

VI. EXTENSIONS AND FUTURE WORKS

Our proposed Bayesian hierarchical mechanism design and
stable forest matching framework can be extended to more
complex network systems. In this section, we describe how
to extend our proposed framework into the case with PU
networks consisting of more than two layers (to be discussed
in Section VI-A) and the case with multiple PUs and SUs
sharing the same sub-band (to be discussed in Section VI-B).
We will also discuss the possible directions of our future work
in Section VI-C.

A. Bayesian Hierarchical Mechanism Design for Systems With
More Than Two Layers

Some practical networks can consist of a hierarchical struc-
ture with more than two layers. For example, the PU net-
work can be a heterogenous network in which each operator
possesses multiple co-located macro-cells, micro-cells, and/or
femto-cells. Each cell consists of a base station that controls
the sub-band allocation. In this case, if each SU tries to access
a sub-band, it needs to first send the request to an operator and,
once its request is accepted, send the request to a base station.
The SUs can only access the sub-bands after being accepted
by both the requesting operator and base station. Since the SUs
cannot exchange information with each other, we can again de-
fine the interactions of competing SUs as a Bayesian game. To
design a distributed mechanism that can approach the optimal
Bayesian Nash equilibrium, we can model the interaction be-

Fig. 4. A stable forest matching algorithm between SUs and the PU network
with more than two layers.

tween the SUs and the PU network as a forest matching mar-
ket. Specifically, we can model the PU network as a 3-layer
forest with operators as roots and each base station and its corre-
sponding sub-bands as a branch. A unique and stable matching
between the SUs and each layer of the forest structure can be
achieved by the same two-sided matching algorithms as dis-
cussed in Sections V-A and V-B. Each SU will update its belief
function after being matched with a sub-band. We illustrate
the relationship between different matching algorithms for a
3-layer forest matching mechanism in Fig. 4. Similarly, we can
apply our Bayesian hierarchial mechanism design framework to
optimize the system with a forest structure consisting of more
layers.

B. Allowing Multiple SUs to Share the Same Sub-Band

It can be observed that the spectrum utilization efficiency can
be further improved by allowing multiple SUs to share the same
sub-band. As mentioned previously, allowing multiple SUs to
access the same sub-band requires careful design of the inter-
ference control rule for both SUs and PUs because even one
SU with high transmit power can cause intolerable interference
to all other SUs and PUs sharing the same sub-band. One way
to support multi-SU sub-band sharing in a CR network is to
impose a centralized interference control mechanism by the
operators. More specifically, each operator i can allow more
SUs to access its sub-bands, i.e., qi ≥ Ni, and keep monitoring
the interference level for each of the sub-band sharing PUs and
SUs. We define the set of sub-band sharing structures in each
operator i as the set of all allocation schemes of qi SUs to sub-
bands in Si. Each operator will need to first evaluate the result-
ing revenues for all Ni

qi possible sub-band sharing structures
and then choose the structure that can maximize its revenue.
We can replace the conflict-solving rule defined in Section V
with the above revenue-maximizing sub-band sharing rules for
each operator. We can then apply the same belief updating
methods in (9) for each SU to update its belief function after
being matched with a sub-band and use equations (7) and (8) to
decide its preferences over operators and sub-bands at the
beginning of the next time slot.
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Fig. 5. A stable forest matching algorithm with multiple SUs sharing the same
sub-band each of which consists of multiple component carriers (CC) selection
algorithm.

Another way is to introduce a distributed coalition formation
algorithm for the SUs to form different groups, each of which
corresponds to a set of SUs sharing the same sub-band. More
specifically, each SU after being accepted by operator i will not
just establish a preference over all sub-bands in Si but should
establish a preference over all the possible sub-band sharing
structures. SUs can then form different coalitions according
to their preferences using distributed coalition formation algo-
rithms [17], [40], [41]. Note that, different from Algorithm 2,
for each SU to establish a preference over all the sub-band
sharing structures, the SUs being matched with the same op-
erator will need to coordinate and exchange information before
accessing any sub-bands of the operator.

Our previously proposed hierarchical matching framework
[42] can also be applied to enforce multiple SUs to share the
same sub-band. To apply this framework, each operator will
further divide each sub-band into multiple units, referred to as
component carriers (CC). Each SU will be first allocated a CC
using the same sub-band selection algorithm described in Algo-
rithm 2 (sub-band in Algorithm 2 should be replaced by CC).
After being allocated a CC, each SU can then decide whether to
aggregate its allocated CC with the CCs of other SUs to further
improve its performance. If multiple SUs agree to form a sub-
band sharing pair, they will aggregate their CCs into a sub-band
and share the sub-band with each other. We can then model
the sub-band sharing problem as a roommate market where all
SUs can be partitioned into groups using the stable partition/
matching algorithm proposed in [43], [44]. We describe the
relationship of different markets and corresponding algorithms
of this method in Fig. 5.

C. Future Works

From the previous discussion, it can be observed that our
proposed stable forest matching algorithm is general and can
be applied to more complex systems. Our results also point
towards some new directions for future research. For example,
in our model, we mainly focus on the distributed optimization
of SUs and assume the conflict-solving rules of the operators
are fixed. It has already been proved in [30], [45], for a two-
sided matching market that, if all operators can know each

Fig. 6. Simulation setup: we simulate the PU network as a cellular network
with multiple operators and the corresponding sub-bands. Each SU is a com-
munication link from a transmitter to a receiver. We use � to denote operators,
♦ to denote PUs and green colored and blue colored ◦ to denote the transmitter
and receiver of each SU, respectively.

other’s preference as well as preferences of the SUs, they
can adjust their conflict-solving rules to further improve their
performance. Therefore, one future direction of our research
is to study whether it is possible for the operators to also
establish and maintain a belief function to further improve their
expected revenues in a distributed fashion. Another potential
direction for future work is to study the effect of allowing partial
monetary transfers between PUs or SUs on the performance of
CR networks [46], [47].

VII. NUMERICAL RESULTS

In this section, we present numerical results to assess the
performance of our algorithms and mechanisms. Our proposed
Bayesian hierarchical algorithm is general in the sense that each
separate algorithm proposed for each of the sub-problems, i.e.,
the operator and sub-band selection sub-problems, can be indi-
vidually applied to optimize CR networks under different con-
ditions. More specifically, if SUs cannot establish a preference
over the operators but are randomly matched to the available
operators, they can still use the sub-band selection algorithm
and the associated mechanism introduced in Section V-B to
optimize their performance.

We consider a CR network in Fig. 6 to simulate the interac-
tion between the SUs and the PU network with a hierarchical
structure. We model each SU as a transmission link (denoted as
blue lines in Fig. 6) from a source (denoted as a blue circle in
Fig. 6) to a destination (denoted as a green circle in Fig. 6), and
the PU network as a cellular system with a number of operators
randomly located around the center of the coverage area (de-
noted as black rectangles in Fig. 6) each of which consists of a
fixed number of sub-bands and PUs (denoted as red triangles in
Fig. 6). In a practical system, a communication link between
the source and destination should only be enabled when the
source and destination are close enough. We hence assume the
sources of the SUs are uniformly randomly located in the cov-
erage area and each destination is uniformly randomly located
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within a fixed radius of its corresponding source. We also
assume all PUs are uniformly randomly located in the cov-
erage area. We focus on the uplink transmission for the PU
network and each PU corresponds to a transmission link from
the PU to the corresponding operator. We consider the payoff
and revenue functions defined in (2) and (4) in Sections III
and IV. Let the channel gain between the source and des-

tination of SU Dk in sub-band Sl
i be hDk[Sl

i
] =

h̃
Dk[Sl

i
]√

dξ

Dk[Sl
i
]

where h̃Dk[Sl
i
] is a fixed channel fading coefficient, dDk

is the
distance between the source and destination of SU Dk and ξ
is the pathloss exponent. We also consider the channel gain

between SU Dk and PU P l
i to be hDkP l

i
=

h̃
DkPl

i√
dξ

DkPl
i

where

h̃DkP l
i

is the channel fading coefficient and dξ
DkP l

i

is the

distance between Dk and P l
i . In the remainder of this section,

we present numerical results to illustrate the performance of
our proposed algorithm under different conditions. We mainly
compare the following four algorithms:

1) Random Selection: SUs are randomly matched to the
operators and sub-bands.

2) Operator Selection: SUs are first matched to the operators
using Algorithm 1 discussed in Section V-A. The SUs
are then randomly matched to the sub-bands of their
operators. This corresponds to the situation that each
operator refuses to release all of its sub-band information
to SUs. In this case, each operator pre-selects a sub-band
for each of the requesting SUs and only allows each SU
to evaluate its payoff in its designated sub-band. Knowing
the sub-band and the payoff that can obtain from the
operators, each SU can then establish a preference over
operators and then use Algorithm 1 to select its operator.

3) Sub-band Selection: SUs are first randomly matched to
the operators. All SUs that are matched to the same op-
erator will then try to be matched to the sub-bands using
Algorithm 2 introduced in Section V-B. This may cor-
respond to the case that the SUs cannot remember/store
any previous observations about the sub-bands of the
operators, i.e., a memoryless system.

4) Hierarchical Mechanism: SUs are matched to the oper-
ators and sub-bands by using the Bayesian hierarchical
algorithm proposed in Section V-C.

Note that, as we have shown in Section V-C, if the SUs can
update their belief functions using (9), the action profiles of SUs
can always converge to the Bayesian Nash equilibrium for the
resulting beliefs. In the rest of this section, we mainly focus on
the case that SUs have already obtained their belief functions.

In Fig. 7, we fix the number of operators and compare
the payoff sum of SUs under different lengths of the square-
shaped coverage area, with a range from 200 to 2000 meters.
Our considered coverage area covers the femtocell, pico-cell
(< 200 meters), micro-cell (> 200 meters) and macro-cell
(> 1000 meters) systems [48]. We observe that the random
selection achieves the worst payoff among all mechanisms. We
find that only limited payoff improvement can be achieved if

Fig. 7. The payoff sum of SUs for different sized networks with 50 SUs and 5
operators, each of which controls 10 sub-bands. Every sub-band contains a PU
which is randomly located in the coverage area.

Fig. 8. The number of spectrum sharing pairs formed between SUs and PUs
for different sized networks with 50 SUs and 5 operators, each of which controls
10 sub-bands. Every sub-band contains a PU which is randomly located in the
coverage area.

each SU only applies the operator selection algorithm. This is
because, in our simulation, the number of operators is limited
and is much smaller than the number of sub-bands. Hence, the
payoffs obtained by randomly selecting sub-bands in different
operators are similar. However, if we apply sub-band selection
algorithm for SUs to find their matchings, the payoff can be
significantly improved. In other words, also optimizing the sub-
band selection sub-problem among SUs provides much higher
payoff improvement than just optimizing the operator selection
sub-problem. We can also observe that further performance im-
provement can be achieved by applying Bayesian hierarchical
mechanism proposed in Section V-C.

In Fig. 8, we consider the same setting as that of Fig. 7
and assume that a spectrum sharing pair can only be formed
between an SU and a PU if both of their payoffs and revenues
exceed a fixed threshold. Again, we observe that, comparing
to the random selection, the sub-band selection allows more
spectrum sharing pairs to be formed between SUs and PUs.
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Fig. 9. The payoff sum of SUs under different numbers of SUs where the
system consists of 5 operators, each of which controls 10 sub-bands. Every
sub-band contains a PU which is randomly located in the coverage area.

Fig. 10. The payoff sum of SUs under different numbers of operators. We
consider a system with 120 PUs and 120 SUs, and each operator has 120

L
PUs.

In Fig. 9, we compare the payoff of SUs for different num-
bers of SUs. We observe that if the number of SUs is small,
allowing SUs to use our proposed hierarchical mechanism can-
not provide much payoff improvement compared to the random
selection. However, continuously increasing the number of SUs
increases the competition among SUs for operators and sub-
bands, and hence allowing SUs to use our proposed algorithm to
optimize their sub-bands, or operators, or both can significantly
improve their payoffs.

In Fig. 10, we fix the number of SUs and PUs and compare
the payoff sum of SUs under different numbers of operators.
We observe that, by applying the operator selection algorithm,
the payoff sum of SUs increases with the number of operators.
However, the payoff sum achieved by sub-band selection de-
creases with the number of operators.

To study the convergence performance of our proposed
hierarchical mechanism, we present the number of required
iterations for SUs to approach the optimal Bayesian Nash

Fig. 11. The number of iterations required for all SUs to converge to the
optimal Bayesian Nash equilibrium.

equilibrium in Fig. 11. We observe that the convergence per-
formance of our proposed algorithms in many practical sys-
tems can be much better than the worst case convergence
performance discussed in Section V-C. In many practical CR
networks, different SUs have different relative distances to PUs
and hence always result in different payoffs when accessing
different sub-bands and operators. Only a limited number of
SUs may choose the same preferred sub-band, and the chance of
more than qi SUs choosing the same operator i is also low, even
when the number of SUs grows large. Therefore, our proposed
mechanism has the potential to significantly improve the perfor-
mance with a fast convergence rate in some practical systems.

VIII. CONCLUSION

In this paper, we study CR networks in which the PU network
has a hierarchical structure consisting of a set of operators,
each of which has been licensed a set of sub-bands. We model
the dynamic spectrum access of SUs in this CR network as a
Bayesian non-cooperative game, called DSA game. To develop
a distributed mechanism for our proposed game, we propose a
novel forest matching market to model the interaction between
the SUs and the PU network. We divide the dynamic spectrum
access problem for SUs into two sub-problems: the opera-
tor and sub-band selection sub-problems, and then propose
operator and sub-band selection algorithms to optimize these
sub-problems. We combine these algorithms with a Bayesian
belief updating algorithm and propose a Bayesian hierarchical
algorithm that can result in a unique and stable matching that
coincides with the optimal Bayesian Nash equilibrium of our
proposed DSA game. We prove that the Bayesian hierarchical
mechanism associated with our proposed algorithm can incen-
tivize true-telling by all SUs.

APPENDIX

A. Proof of Proposition 1

The proof of the above Proposition follows the same line
as that in [30]. We provide a brief description of the proof
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for completeness. From Step 2) in Algorithm 1, we can easily
show that if an SU Dk has been rejected by an operator i, there
must exist at least qi other SUs which are strictly preferred by
operator i over SU Dk, and hence any matching between SU
Dk and operator i must not be stable. Using this observation,
we can also establish that if an SU Dk has been rejected by
operator i, all the SUs that are less preferable to operator i than
SU Dk will also be rejected by operator i.

Combining the above two observations, if qi SUs and an
operator i are matched at the end of Algorithm 1, we can claim
that there is no other SU that is more preferred by operator i
than the qi SUs in the resulting matching structure. This is from
the fact that if such an SU, say Dn, exists, at least one of the
SUs in the final set of qi SUs matched to operator i will be
rejected by operator i in Algorithm 1. And, similarly, each SU
matched to operator i cannot find another operator j that is more
preferable than operator i in the resulting matching structure,
because if such an operator j exists these SUs will not send a
request message to operator i.

B. Proof of Proposition 2

In Algorithm 1, the worst case happens when all SUs can
only choose the least preferred operator after receiving (L− 1)
rejections from the operators. In this worst case, every SU
will first send requests to (L− 1) most preferred operators
and then receive rejections from all of them. In this case, the
number of requests sent by K SUs is K(L− 1), which results
in complexity of O(KL).

C. Proof of Theorem 1

First, let us consider the first part of result 1). Combining
Propositions 1 and 3, we can claim that for the given beliefs at
SUs, the matchings resulted from both operator and sub-band
selection algorithms are unique and stable. Since Step 1–2) in
Algorithm 3 is equivalent to Algorithms 1 and 2, the matching
achieved by Algorithm 3 is also unique and stable for the
resulting beliefs of SUs. We will present the proof of the second
part of result 1) at the end of this proof.

We now consider result 2). If M [t] = M ∗ = 〈Mo∗,M b∗〉
in time slot t, we then have �̄Dk

(a∗Dk
, bDk

(a∗
−Dk

)) >
�̄Dk

(a′Dk
, bDk

(a−Dk
)) in time slot t. Let us show that in the

next time slot t+ 1, each SU will stick with M ∗ and will not
change to other actions. In time slot t+ 1, SU Dk will update
its belief as follows:

bDk
(a−Dk

[t+ 1]) = αbDk
(a−Dk

[t])

+ (1− α)Dir (a−Dk
[t+ 1]) , (10)

where α = t
t+1 . We can then rewrite the updated payoff func-

tion of Dk as

�̄Dk
(aDk

[t+ 1], bDk
(a−Dk

[t+ 1]))

= α�̄Dk
(aDk

[t], bDk
(a−Dk

[t]))

+ (1− α)�̄Dk
(aDk

[t+ 1], bDk
(a−Dk

[t+ 1])) ,

which is a linear combination of �̄Dk
[t] and �̄Dk

[t+ 1]. It can
be easily observed that choosing aDk

[t+ 1] = aDk
[t] = a∗Dk

maximizes both payoff functions of SU Dk. This process is
repeated in the following time slots.

Let us consider result 3). First, from the definition of stable
matching in Definition 7, we can claim that for a given stable
matching Mo or M b, no SU has the intention to deviate
from Mo or M b by choosing another operator or sub-band.
In addition, according to the definition of stable matching, if
Mo is stable, there is no other matching M ′o such that Dk

and Dn are matched to i and j, respectively, and also satisfies
j �Dk

i and Dk �j Dn. In other words, if two SUs can switch
their selected operators or sub-bands to improve their payoffs,
they are not in a stable matching. However, they may still be
in the Bayesian Nash equilibrium [10]. We hence can claim
that, for both operator and sub-band selection sub-markets, the
payoff sum of SUs achieved by the action profile of SUs in a
stable matching equals or is greater than that achieved by the
action profile in a Bayesian Nash equilibrium but not a stable
matching.

We can also observe that Algorithms 1 and 2 are equivalent
to a specific deferred-acceptance algorithm in which SUs send
their requests for the operators and sub-bands first. This specific
algorithm is also called a deferred-acceptance algorithm with
SU proposing, which has the following property.

Proposition 6: If Mo and M b are the resulting matchings of
the deferred-acceptance algorithm with SU proposing for oper-
ator and sub-band selection sub-markets, then we have the fol-
lowing results: 1) For the operator selection sub-market, there
is no other matching M ′o such that Mo(Dk) �Dk

M ′o(Dk)
with Mo(Dn) �Dn

M ′o(Dn) for at least one Dn ∈ D, 2) For
the sub-band selection sub-market, there is no other matching
M ′b such that M b(Dk) �Dk

M ′b(Dk) with M b(Dn) �Dn

M ′b(Dn) for at least one Dn ∈ Ui where i = Mo(Dn). From
the above results, we can claim that the matching achieved
by Algorithms 1 and 2 obtains the optimal Bayesian Nash
equilibria.

Let us consider the second part of result 1). Using the
above results, we can show that if each belief profile of SUs
corresponds to a unique action profile, we can use the same
method as in Proposition 1 to prove that there is no other action
profile for SUs that will provide higher payoffs for SUs. In other
words, misrepresenting the action for each SU cannot provide
any improvement for its payoff. This concludes the proof.

D. Proof of Proposition 5

In each time slot, all SUs needs to go through Steps 1) to 3) in
Algorithm 3, which contains Algorithm 1 with a complexity of
O(KL) and Algorithm 2 with a complexity of

∑
i∈O

O(Ni|Ui|).

Using the fact that Ni < N and |Ui| ≤ Ni, we can claim that
each iteration of Algorithm 3 has a complexity of O(KLLN2).

ACKNOWLEDGMENT

Yong Xiao would like to thank Dr. Jean Honorio at the
Massachusetts Institute of Technology for his helpful discus-
sion in the early stage of this work.



1000 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 33, NO. 5, MAY 2015

REFERENCES

[1] I. F. Akyildiz, W.-Y. Lee, M. C. Vuran, and S. Mohanty, “Next
generation/dynamic spectrum access/cognitive radio wireless networks:
A survey,” Comput. Netw., vol. 50, no. 13, pp. 2127–2159, Sep. 2006.

[2] D. Lehmann, L. I. O’Callaghan, and Y. Shoham, “Truth revelation in
approximately efficient combinatorial auctions,” J. ACM, vol. 49, no. 5,
pp. 577–602, Sep. 2002.

[3] N. Nisan and A. Ronen, “Algorithmic mechanism design,” in Proc.
31st Annu. ACM Symp. Theory Comput., Atlanta, GA, USA, May 1999,
pp. 129–140.

[4] L. Ehlers and J. Massó, “Incomplete information and singleton cores
in matching markets,” J. Econ. Theory, vol. 136, no. 1, pp. 587–600,
Sep. 2007.

[5] A. E. Roth, “The evolution of the labor market for medical interns and
residents: A case study in game theory,” J. Pol. Econ., vol. 92, no. 6,
pp. 991–1016, Dec. 1984.

[6] Y. Xiao, D. Niyato, Z. Han, and K. C. Chen, “Secondary users entering
the pool: A joint optimization framework for spectrum pooling,” IEEE J.
Sel. Areas Commun., vol. 32, no. 3, pp. 572–588, Mar. 2014.

[7] Y. Xiao and L. A. Dasilva, “Dynamic pricing coalitional game for cog-
nitive radio networks,” in Proc. IFIP Netw. Workshop HetsNets, Prague,
Czech Republic, May 2012, pp. 19–26.

[8] Y. Xiao, G. Bi, D. Niyato, and L. A. DaSilva, “A hierarchical game
theoretic framework for cognitive radio networks,” IEEE J. Sel. Areas
Commun., vol. 30, no. 10, pp. 2053–2069, Nov. 2012.

[9] D. Fudenberg and J. Tirole, Game Theory. Cambridge, MA, USA: MIT
Press, 1991.

[10] A. Leshem, E. Zehavi, and Y. Yaffe, “Multichannel opportunistic carrier
sensing for stable channel access control in cognitive radio systems,”
IEEE J. Sel. Areas Commun., vol. 30, no. 1, pp. 82–95, Jan. 2012.

[11] N. Nisan, T. Roughgarden, E. Tardos, and V. V. Vazirani, Algorithmic
Game Theory. Cambridge, U.K.: Cambridge Univ Press, 2007.

[12] R. Diestel, Graph Theory. Berlin, Germany: Springer-Verlag, 2005.
[13] N. Nie and C. Comaniciu, “Adaptive channel allocation spectrum etiquette

for cognitive radio networks,” Mobile Netw. Appl., vol. 11, no. 6, pp. 779–
797, Dec. 2006.

[14] H. Xu and B. Li, “Resource allocation with flexible channel cooperation
in cognitive radio networks,” IEEE Trans. Mobile Comput., vol. 12, no. 5,
pp. 957–970, May 2013.

[15] S. Mathur, L. Sankar, and N. Mandayam, “Coalitions in cooperative wire-
less networks,” IEEE J. Sel. Areas Commun., vol. 26, no. 7, pp. 1104–
1115, Sep. 2008.

[16] W. Saad, Z. Han, M. Debbah, and A. Hjorungnes, “A distributed coalition
formation framework for fair user cooperation in wireless networks,”
IEEE Trans. Wireless Commun., vol. 8, no. 9, pp. 4580–4593, Sep. 2009.

[17] W. Saad, Z. Han, M. Debbah, A. Hjorungnes, and T. Basar, “Coali-
tional game theory for communication networks: A tutorial,” IEEE Signal
Process. Mag., vol. 26, no. 5, pp. 77–97, Sep. 2009.

[18] B. Wang, Y. Wu, and K. Liu, “Game theory for cognitive radio networks:
An overview,” Comput. Netw., vol. 54, no. 14, pp. 2537–2561, Oct. 2010.

[19] S. Maharjan, Y. Zhang, and S. Gjessing, “Economic approaches for cog-
nitive radio networks: A survey,” Wireless Pers. Commun., vol. 57, no. 1,
pp. 33–51, Mar. 2011.

[20] Z. Han, D. Niyato, W. Saad, T. Basar, and A. Hjorungnes, Game Theory
in Wireless and Communication Networks: Theory, Models, and Applica-
tions. Cambridge, U.K.: Cambridge Univ. Press, 2012.

[21] M. O. Jackson, “Mechanism theory, optimization, and operations
research,” in Encyclopedia of Life Support Systems, U. Derigs, Ed.
Oxford, U.K.: EOLSS, 2003.

[22] B. Wang, Y. Wu, Z. Ji, K. R. Liu, and T. C. Clancy, “Game theoretical
mechanism design methods,” IEEE Signal Process. Mag., vol. 25, no. 6,
pp. 74–84, Nov. 2008.

[23] S. Sodagari, A. Attar, and S. Bilen, “Strategies to achieve truthful spectrum
auctions for cognitive radio networks based on mechanism design,” in
Proc. IEEE Symp. New Frontiers DySPAN, Singapore, Apr. 2010, pp. 1–6.

[24] A. Gershkov, B. Moldovanu, and X. Shi, “Optimal mechanism design
without money,” Univ. Toronto, Toronto, ON, Canada, Tech. Rep., 2013.

[25] A. D. Procaccia and M. Tennenholtz, “Approximate mechanism design
without money,” ACM Trans. Econ. Comput., vol. 1, no. 4, p. 18, Dec. 2013.

[26] R. Cole, V. Gkatzelis, and G. Goel, “Positive results for mechanism design
without money,” in Proc. Int. Conf. Auton. Agents Multi-Agent Syst., 2013,
pp. 1165–1166.

[27] D. Gusfield and R. W. Irving, The Stable Marriage Problem: Structure
and Algorithms. Cambridge, MA, USA: MIT Press, 1989.

[28] D. Easley and J. Kleinberg, Networks, Crowds, and Markets: Reasoning
About a Highly Connected World. Cambridge, U.K.: Cambridge Univ.
Press, 2010.

[29] R. Jain, “Designing a strategic bipartite matching market,” in Proc. IEEE
CDC, New Orleans, LA, USA, Dec. 2007, pp. 139–144.

[30] A. E. Roth and M. A. O. Sotomayor, Two-Sided Matching: A Study in
Game-Theoretic Modeling and Analysis. Cambridge, U.K.: Cambridge
Univ. Press, 1992.

[31] D. E. Knuth, Stable Marriage and Its Relation to Other Combinatorial
Problems: An Introduction to the Mathematical Analysis of Algorithms,
vol. 10, CRM Proc. Lecture Notes. Providence, RI, USA: AMS, 1997.

[32] A. E. Roth, “Deferred acceptance algorithms: History, theory, practice,
and open questions,” Int. J. Game Theory, vol. 36, no. 3, pp. 537–569,
Mar. 2008.

[33] K. Iwama, S. Miyazaki, Y. Morita, and D. Manlove, “Stable marriage with
incomplete lists and ties,” in Proc. 26th ICALP, vol. 1644, ser. Lecture
Notes Comput. Sci., Prague, Czech Republic, Jul. 1999, pp. 443–452.

[34] R. W. Irving and D. F. Manlove, “The stable roommates problem with
ties,” J. Algorithms, vol. 43, no. 1, pp. 85–105, Apr. 2002.

[35] I. P. Gent and P. Prosser, “An empirical study of the stable marriage
problem with ties and incomplete lists,” in Proc. 15th ECAI, Jul. 2002,
pp. 141–145.

[36] K. Iwama and S. Miyazaki, “A survey of the stable marriage problem
and its variants,” in Proc. IEEE Int. Conf. ICKS, Kyoto, Japan, Jan. 2008,
pp. 131–136.

[37] A. Al Daoud, T. Alpcan, S. Agarwal, and M. Alanyali, “A stackelberg
game for pricing uplink power in wide-band cognitive radio networks,”
in Proc. IEEE Conf. Decision Control, Cancun, Mexico, Dec. 2008,
pp. 1422–1427.

[38] M. Razaviyayn, M. Yao, and L. Zhi-Quan, “A Stackelberg game approach
to distributed spectrum management,” in Proc. IEEE ICASSP, Dallas, TX,
USA, Mar. 2010, pp. 3006–3009.

[39] Polytechnic University of Madrid, A. F. Cabrera and K. R. Burkum, “Col-
lege admission criteria in the united states: An overview,” Selectividad y
Modelos Alternativos, Madrid, Spain, Nov. 2001.

[40] K. Apt and A. Witzel, “A generic approach to coalition formation,” Int.
Game Theory Rev., vol. 11, no. 3, pp. 347–367, Sep. 2009.

[41] W. Saad, Z. Han, T. Başar, M. Debbah, and A. Hjorungnes, “Hedonic
coalition formation for distributed task allocation among wireless agents,”
IEEE Trans. Mobile Comput., vol. 10, no. 9, pp. 1327–1344, Sep. 2011.

[42] Y. Xiao, K. C. Chen, C. Yuen, and L. A. DaSilva, “Spectrum sharing for
device-to-device communications in cellular networks: A game theoretic
approach,” in Proc. IEEE Int. Symp. New Frontiers DySPAN, Apr. 2014,
pp. 60–71.

[43] K. Cechlárová and T. Fleiner, “On a generalization of the stable room-
mates problem,” ACM Trans. Algorithms, vol. 1, no. 1, pp. 143–156,
Jul. 2005.

[44] J. J. Tan, “A necessary and sufficient condition for the existence of a
complete stable matching,” J. Algorithms, vol. 12, no. 1, pp. 154–178,
Mar. 1991.

[45] P. Biró and G. Norman, “Analysis of stochastic matching markets,” Int. J.
Game Theory, vol. 42, no. 4, pp. 1021–1040, Nov. 2013.

[46] T. Fleiner, “A fixed-point approach to stable matchings and some applica-
tions,” Math. Oper. Res., vol. 28, no. 1, pp. 103–126, Feb. 2003.

[47] J. W. Hatfield and P. R. Milgrom, “Matching with contracts,” Amer. Econ.
Rev., vol. 95, no. 4, pp. 913–935, Sep. 2005.

[48] A. Goldsmith, Wireless Communications. Cambridge, U.K.: Cambridge
Univ. Press, 2005.

Yong Xiao (S’11–M’13) received the B.S. degree
in electrical engineering from China University of
Geosciences, Wuhan, China, in 2002, the M.Sc. de-
gree in telecommunication from Hong Kong Uni-
versity of Science and Technology in 2006, and
the Ph.D degree in electrical and electronic en-
gineering from Nanyang Technological University,
Singapore, in 2012. From August 2010 to April
2011, he was a Research Associate at the School
of Electrical and Electronic Engineering, Nanyang
Technological University, Singapore. From May

2011 to October 2012, he was a Research Fellow at CTVR, School of Computer
Science and Statistics, Trinity College Dublin, Ireland.

Currently, he is a MIT-SUTD Postdoctoral Fellow with Singapore Univer-
sity of Technology and Design and Massachusetts Institute of Technology.
His research interests include machine learning, economic models and their
applications in communication networks.



XIAO et al.: BAYESIAN HIERARCHICAL MECHANISM DESIGN FOR COGNITIVE RADIO NETWORKS 1001

Zhu Han (S’01–M’04–SM’09–F’14) received the
B.S. degree in electronic engineering from Tsinghua
University, in 1997, and the M.S. and Ph.D. de-
grees in electrical engineering from the University
of Maryland, College Park, MD, USA, in 1999 and
2003, respectively.

From 2000 to 2002, he was an R&D Engineer
at JDSU, Germantown, MD, USA. From 2003 to
2006, he was a Research Associate at the Univer-
sity of Maryland. From 2006 to 2008, he was an
Assistant Professor at Boise State University, Boise,

ID, USA. Currently, he is an Associate Professor in the Electrical and Com-
puter Engineering Department, University of Houston, Houston, TX, USA.
His research interests include wireless resource allocation and management,
wireless communications and networking, game theory, wireless multimedia,
security, and smart grid communication. He is an Associate Editor of IEEE
TRANSACTIONS ON WIRELESS COMMUNICATIONS since 2010. He is the
winner of the 2011 IEEE Fred W. Ellersick Prize. He received the NSF Career
Award in 2010.

Kwang-Cheng Chen (M’89–SM’94–F’07) received
the B.S. degree from the National Taiwan University
in 1983, and the M.S. and Ph.D. degrees from the
University of Maryland, College Park, MD, USA, in
1987 and 1989, all in electrical engineering. From
1987 to 1998, he worked with SSE, COMSAT, IBM
Thomas J. Watson Research Center, and National
Tsing Hua University, in mobile communications
and networks. Since 1998, he has been with Na-
tional Taiwan University, Taipei, Taiwan, ROC, and
is the Distinguished Professor and Associate Dean

in academic affairs for the College of Electrical Engineering and Computer
Science, National Taiwan University. He has been actively involved in the
organization of various IEEE conferences as General/TPC chair/co-chair. He
has served in editorships with a few IEEE journals and many international
journals and has served in various positions within IEEE. He also actively
participates in and has contributed essential technology to various IEEE 802,
Bluetooth, and 3GPP wireless standards. He has authored and co-authored over
250 technical papers and more than 20 granted US patents. He co-edited (with
R. DeMarca) the book Mobile WiMAX (Wiley, 2008) and authored the book
Principles of Communications (River, 2009) and co-authored (with R. Prasad)
another book Cognitive Radio Networks (Wiley, 2009). His research interests
include wireless communications and network science. He is an IEEE Fellow
and has received a number of awards including the 2011 IEEE COMSOC WTC
Recognition Award and has co-authored a few award-winning papers published
in the IEEE Communications Society journals and conferences.

Luiz A. DaSilva (SM’14) currently holds the Stokes
Professorship in Telecommunications in the De-
partment of Electronic and Electrical Engineering,
Trinity College Dublin. He has also been a faculty
member in the Bradley Department of Electrical and
Computer Engineering at Virginia Tech since 1998.
His research focuses on distributed and adaptive re-
source management in wireless networks, and in par-
ticular cognitive radio networks and the application
of game theory to wireless networks. He is currently
a Principal Investigator on research projects funded

by the National Science Foundation in the United States, the Science Founda-
tion Ireland, and the European Commission under Framework Programme 7.
He is a Coprincipal Investigator of CTVR, the Telecommunications Research
Centre in Ireland. He has co-authored two books on wireless communications
and over 150 peer-reviewed papers in leading journals and conferences on com-
munications and networks. In 2006, he was named a College of Engineering
Faculty Fellow at Virginia Tech.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


