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Abstract

In this paper, we investigate the problem of achieving global optimization for distributed
carrier aggregation (CA) in small cell networks, using a game theoretic solution. To cope with
the local interference and the distinct cost of intra-band and inter-band CA, we propose a
non-cooperation game which is proved as an exact potential game. Furthermore, we propose a
spatial adaptive play learning algorithm with heterogeneous learning parameters to converge
towards NE of the game. In this algorithm, heterogeneous learning parameters are introduced
to accelerate the convergence speed. It is shown that with the proposed game-theoretic
approach, global optimization is achieved with local information exchange. Simulation results
validate the effectivity of the proposed game-theoretic CA approach.
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1. Introduction

Small cell is the most promising approach for providing a thousand-fold mobile traffic over

the next decade [1]. Compared to the macrocell, small cell has lower power and smaller
coverage areas. They can operate in licensed and unlicensed spectrum. Thus, more spectrum
bands can be utilized by small cells, e.g., Super high frequency (SHF) and Extremely high
frequency (EHF). However, as exponential growth of the number of devices and high data rate
in future mobile communication systems [2]-[4], the demand of high bandwidth for high data
rate is urgent. Carrier aggregation (CA) allows a cell to aggregate multiple channels for a
wider bandwidth to transmit simultaneously. It is necessary to exploite CA to increase the data
rate in small cell networks [5]-[6]. Thus, it is promising important to study the problem of
resource allocation for distributed CA in dense small cell networks.

Actually, to be different from traditional cellular system, channel allocation for distributed
CA in dense small cell networks faces a challenge that the mutual interference is more serious.
Moreover, the impact caused by the distinct cost of intra-band and inter-band CA should be
considered. The reason is that inter-band CA needs multiple FFT and multiple RF front-end in
contrast that intra-band needs only one [7]. For the problem of distributed CA in small cell
networks, the key task is to determine the aggregated channels among multiple small cells,
which is a combinatorial majorization problem and hard to solve.

Generally, there are centralized gateways [8] in small cell networks that make centralized
optimization possible. If we apply a centralized optimization to address this problem, e.g.,
[9]-[11], as the deployment of small cells become dense, this optimization problem is
extremely complicated. For example, consider a network with 20 small cells and two band
with two channels in each band. Consider a simple scenario in which each small cell
aggregates at most two channels for CA, the corresponding number of all possible strategy
selection profiles is 10, which is hardly possible to achieve the optimal solutions. To solve
this problem, we resort to game theory, which is a powerful optimization tool involving
multiple interactive decision-makers [12]-[13]. In this paper we propose a game-theoretic
solution for solving the problem of distributed CA in small cell networks. To the best of our
knowledge, such an investigation has not been addressed effectively in existing researches.

To summarize, the main contributions of this paper are as follows:

1) We formulate the problem of distributed CA in small cell networks as a
non-cooperative game. In particular, the utility function in the game takes into account
local interference and the distinct cost of intra-band and inter-band CA. It is proved that
the game is an exact potential game with the defined potential function serving as the
potential function. It is shown that the strategy profile of achieving the optimal potential
function can make the network throughput better.

2) We propose a spatial adaptive play algorithm with heterogeneous learning parameters
(SAP-H) to converge towards Nash equilibrium (NE) of the game. In this algorithm, we
introduce heterogeneous learning parameters to accelerate the convergence speed. Thus,
compared with the conventional SAP algorithm, the proposed algorithm converges
rapidly while keeping the network capacity. Moreover, the performance of the proposed
SAP-H is close to the best Nash equilibria.
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3) We compare the average throughput for each small cell when varying the available
spectrum resource and the degree of flexibility in performing CA respectively. We draw
some meaningful conclusions.

The rest of the article is organized as follows. In Section 2, we present the related work. In
Section 3, we give the system model and formulate the problem. In Section 4, we model the
problem of CA as a non-cooperative game and investigate the properties of its NE. And we
propose a spatial adaptive play algorithm with heterogeneous learning parameters. In Section
5, simulation results are presented and conclusion is drawn in Section 6.

2. Related Work

The problem of CA was studied in some works. The authors studied the UE energy saving by
applying carrier aggregation in [14]. In [15] a novel carrier-aggregated modulator structure
was proposed. In [16] a fully matched LTE-A carrier aggregation quadplexer based on bulk
acoustic wave and surface acoustic wave technologies was proposed. In [17] an efficient
carrier aggregation receiver architecture was described,which employed one receive path and
a single synthesizer. These works [14]-[17] aimed to study the performance of a single user
with CA. Compared with the existing studies, the network performances of multiple users with
CA are studied in this work.

Recently, there were some researches on CA for multiple users [18]-[24]. In [17], to
improve the performance of the cognitive Ad Hoc networks, based on the proposed
Channel-Aggregation Diversity technology the authors proposed two joint power-channel
allocation schemes. In [18], to balance the energy efficiency (EE) among multiple users, joint
bandwidth and power allocation for both the base station and users was studied. In [19], a joint
uplink-downlink algorithm was presented based on a utility function. Although good
performance can be achieved with the utilizing methods in [18]-[19], the computation cost was
heavy especially for dense small cell networks. In [22], a inter-cell CA technique was
proposed to mitigate the non-uniform transmission performance. However, the mitigation of
the non-uniform transmission performance was limited. To provide further mitigation against
the non-uniform transmission performance, an enhanced inter-cell CA scheme using spread
spectrum transmission with variable spreading factor was given in [23]. Note that these
methods on CA were all implemented in a centralized manner and we study a distributed
game-based approach in this paper.

Besides, many game-based approaches were investigated [25]-[30]. For instance, a pricing
game for spatial spectrum sharing-based carrier aggregation was proposed in [27]. In [28], the
authors modeled the inter-network CA problem of two networks as a Bayesian game with
incomplete information and proposed a distributed algorithm that approaches a neighborhood
of the Bayesian NE of the system. But it needed mobile network operators to control the
dynamic aggregation of their component carriers. In [29], to alleviate cross-tier and inner-tier
interference in heterogeneous networks, a distributed two-dimensional (2D) scheme based on
game theory was presented. In [30], the knowledge of the users’ positions was combined with
Q-learning and game-theoretic approached to enhance the dynamic physical resource
allocation for CA in a semi-and uncoordinated deployment of heterogeneous networks.
However, for these studies, the different transmission characteristics for the channels in
discrete bands was not taken into account. Specifically, for different CA types, i.e., intra-band
and inter-band CA, their distinct costs should be considered when aggregating different
channels.
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The most related work [6] took into account the cost associated with inter-band CA. CA for
autonomous networks operating in shared spectrum was studied and a game-based approach
was proposed. However, the defined utility function in [6] was not rational to reflect the
throughput, e.g., for player n, if the measured interference in one channel was larger than
specified interference threshold, this channel can not be utilized for communication, i.e., n’s
obtained throughput should be zero rather than a minus value calculated by [6]. In addition,
due to the limited transmitting power of base stations, especially for lower power of small cell
base stations, the mutual interference between cells should occur in a local area. However, the
authors ignored the characteristic of local interference in the design of utility function in [6].
On the contrary, we not only overcome the aforementioned disadvantages, but also define a
new utility function to capture the throughput from a different perspective.

3. System Model and Problem Formulation

Consider a small cell network with N small cell base stations (SCBSs). For presentation,
we use N ={1...,N} to represent the set of SCBSs. Motivated by [31], assume that SCBSs can

exchange information (e.g., location, strategy and utility) through the gateway (See Fig.1).
There are B frequency bands available (B ={1,...,B} ) in this network area and for each band the

number of orthogonal channels available is K, (1< b < B). It is assumed that each channel has
the same bandwidth and all SCBSs can aggregate different channels in different bands, which
means that each SCBS can simultaneously operate on multiple contiguous and non-contiguous
channels in the same band or different bands. We denote M; as the maximum number of

channels that SCBS i can simultaneously operate on, and M =32 ,K; as the total number of
available channels [6]. Therefore, the cardinality of SCBS i’s strategy space is:

A= i('\: j _y-MM r:(lr?'_"l()M 1_n+1) , Where A, is the set of all available strategy of SCBS i.

As is shown in Fig.1, seven SCBSs are deployed in a geographic area randomly. All
SCBSs can exchange information with each other through the gateway. Besides, there are
three bands available for the network. Using a proper approach, each SCBS decides the
aggregated channels in a distributed manner.

According to Shannon equation, when SCBS i communicates in a channel, e.g., c, the
channel capacity in ¢ can be calculated:

Ci(c)zB(c)ongz[H R(©) ]’ 1)

o-2+li(c)

where B(c) is the bandwidth of c. B (c) is the transmitting power of the SCBS in ¢. o is the
power of the background noise. I;(c) is the interference caused by other cells transmitting in c.

However, depending on CA technology, the SCBS i may not transmit on only one channel but
aggregate more channels for communication. Note that CA is different from the multiple
channel selection. When aggregating channels for CA, we must take whether these channels
are in different bands and how many bands they cross into account. The reason is that CA with
contiguous component carriers needs only one fast Fourier transform (FFT), comparatively
CA with non-contiguous component carriers requires separate FFT. In addition, the degree of
flexibility in performing CA should also be taken into account. Therefore, in order to present
its payoff when SCBS i selects the strategy a;, we define the payoff of SCBS i as follows:
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R(a)=Y q—(cf)/Af—)a, )

cjE;

b{a;)-1
by
where g; is the set of channels that SCBS i aggregates. ¢; is one of channels in the strategy 4; .

Ci(cj) is given by equation(1). A is the normalization factor. {a;) is the number of bands

that SCBS i accesses when selecting strategy «;, and \b(ai)\s\ai\. b, is a constant that

denotes the maximum number of bands that SCBS i can simultaneously deploy (Fig. 1). & is
the parameter that each base station can tune to reflect its degree of flexibility in performing
CA [6], and smaller & represents smaller cost when aggregating channels in different bands.
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Fig. 1. An example of network model. Different colors represent different frequency bands. Each
small rectangle represents a channel. Networks can transmit on multiple channels in the same frequency
band (intra-band CA) or in multiple frequency bands (inter-band CA). The red broken lines represent
the virtual connection between small cells and the gateway.

For an individual SCBS i, the payoff R;{a;} should be maximized. From a network-centric
perspective, the total payoff of all the SCBSs, which is regarded as the network throughput, i.e.,
Zf_ilRi(ai), should be maximized. Therefore, we formulate the problem of CA in cognitive
small cell networks as follows:
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P1: maxi Ri(a) (3)

According to equation (1), (2) and (3), in order to improve the capacity of the network, we
must mitigate mutual interference among the small cells while other parameters stay. Thus, we
model the problem P1 as a congest game as follows.

4. Game Model and Spatial Adaptive Play Algorithm with Heterogeneous
Learning Parameters

4.1 Game Model

Due to the fact that small cells have lower transmission power and smaller coverage, a SCBS
only interferes with its adjacent ones in a limited range rather than interacts with all SCBSs in
a given network [32]. Specifically, if the distance d;; between SCBS i and j is smaller than a

predefined threshold d,, then they interfere with each other when transmitting on the same
channel. That is to say, if the distance d;; between SCBS i and j is larger than a predefined

threshold d,, they can reuse the spectrum, i.e., transmit on the same channels simultaneously
without mutual interference, to improve the spectrum efficiency. For presentation, we denote
the neighboring SCBS set of SCBS i as J;, i.e., J;={jeN :d;j <do|. When two or more

neighboring small cells transmit on the same channel, they collide with each other and mutual
interference occur, i.e., we only consider co-channel interference. When SCBS i chooses the
strategy a; we define corresponding collision level as follows:

fi(aa )= 2 fifeja), ()

cjedj

where f;(c;,a, ) is the following indicator function:
f(c ‘I c )‘ l; (cl, ) {keJ cjeak} (5)
Accordingly, a quantitative characterlzatlon of the network collision level is given as follows:

Zf(a ay, ) (6)

IeN
where ay, is the strategy profile of i’s adjacent SCBSs.

It is noted that f; (cj,aJ i ) denotes the number of adjacent SCBSs who also select channel
c; while c; e & . For the reason that every small cell prefers aggregating more spectrum
resources, a lower collision level and less inter-band cost for better payoff. This motivates us
to define the utility function as following:

Uj (ai,ai):|ai|—fi(ai,a3i)—(b(zi—w?_l)§, (7

wherea_; is the strategy selection profile of all SCBSs except i. |a;| is the cardinality of the
channel set a;. f; (ai,aJi) is given by (4). (b(ai)—l)*(S/bM represents the cost of inter-band
CA with the same as the last part in (2). If a; crosses only one band this item will be zero, i.e.,
no cost is taken for CA. If g crosses two or more bands this item will be greater than zero
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which means that cost is taken for CA. For example, in Fig.1, Cell-2 interfers with Cell-1,
Cell-3 and Cell-4. When Cell-2 aggregates the channels shown in Fig.1, |a,|=4,
f2(a2.ay,) =2, b(a) =2, the utility of Cell-2 is equal to 1.5 (assume that 5 =1.5).
Formally, the game model can be denoted as:
GZ(N AAition ity ) (8)
where N ={1...,N} is a set of players (SCBSs), A; is the set of player i’s available strategies
(set of channels), and u; is the utility function defined by (6). Due to the limited interference

range, the utility function can also be expressed as u; (ai,aJ i ) , e

ui(ai!a—i):ui(ai!aJi) 9)

where a; is the strategy of player i and ay; Is the strategy profile of i’s neighboring players.
Then the proposed channel selection game can be expressed as:

G: max ui(ai,aji) (10)

ajeAj
To analyze the properties of the formulated game, we first present the concept of Nash
equilibrium, which is the most well-known stable solution for non-cooperative game model.

Definition 1(NE). A strategy selection profile a” = (a; ,....ay) is a pure strategy NE if and
only if no player can improve its utility by deviating unilaterally, i.e.,
Ui(ai*,aii)zui(ai,a:), V| eN ,Vai EAi ,ai ¢ai* (11)

Definition 2 (Exact potential game [33]). A game is an exact potential game if there
exists an ordinal potential function ®:A; x---xAy — R suchthatforall ie N ,all a €A; and

aj eA;, the following holds:
Uj (ai ,a_i)—ui (a{ ,a_i)=q>(ai ,a_i)—tb(ai’ ,a_i) (12)
i.e., the change in the utility function caused by the unilateral action change of an arbitrary
player is exactly the same with that in the potential function.
The given definitions are straightforwardly obtained from game theory [33]. The properties

of the proposed game are characterized by the following theorem.
Theorem 1. G is an exact potential game which has at least one pure strategy NE.

Proof: In order to prove G to be an exact potential game, we construct a potential function
as follows:
N N N L) —
1 b(a)-1
v(aa) = Sal 23 (a5 0y @)
i=1 i=1 i=1 M
If player i changes its selected strategy unilaterally from a ={c,c,,...,c,} toO

a = {cl*,cz,...,c’;| } , the amount of change in its utility function is given by:
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‘a‘ |a|+f(ai,aJi) f(a aJ.) (b(Zi)_l)(;_(b(f)_l)g (14)
a)— b(a)-1
:‘ai*‘—|ai|+cj§ai fi(cp.ay;)- z*fi(cj,aji)Jr( (bM) 1)5_( (bM) )5

cjeqy
Accordingly, the amount of change in the potential function caused by the unilateral
change (a —a’) is given by:

GD(a{‘,afi)_q)(ai,aii)

b(a)-1 b(a)-1

E R TN A TR TSI LI e P
b(a)-1 b(a)-1

“Jel-lal2 2{2( ) C,jgarfmc;aau)}( @)=, b)),

Compare (14) with (15), we know that proving (12) is equal to proving the following
expression:

=1) cjeai cjed cjeai cjea

z{ > f(c aJI) *Z*f(c]f,a“)]= z f(cj,aji)— *Z*f(c}‘,aji) (16)

For presentation, without loss of generality the change a, — a” can be seen as the change
of corresponding channels, i.e., {cj —Cj,C; €q,C] € ai*} .

Therefore,

S PRCEARERICEN

-5 tem)- 2 ) 3| 5 o) 3 s )}

-z f(c.a,)- CEai*f(c]f,aJi)+Cj_>cjz’6k€akk§i[f(Ck,aJk)—f(ck,ajkﬂ .
-z f(c.a,)- CEai*f(c]f,aJi)+k§icﬁﬁzﬁkeak[f(ck,ajk)—f(ck,a;k)}

:c,.éa f(cay,)- clgai*f(c}a‘]i)+keli(E,aJi)cjec?z,:ckeak|:f(Ck,aJk)_f(Ck,a;k):|

+k6|(2 )c,%,zckeak[f(ck'a”)_f(Ck'ajk)}rka;kiicj%;z,ckeak[f(Ck'a”)_f(ck’a;kﬂ

where x=J, \{ i(cj,aJi )uli(c’},aJi )} , and A\B means to delete the set B from the set A.

f(ck,ajk) is the collision level of player k in channel ¢, after player i unilaterally changes
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its strategy. Due to the strategy change of player i only impacts its neighboring player,
following results can be obtained:

f(ck,aJk)—f(ck,ajk)zl, VKeIi(cJ—,aJi)
f(ck,aJk)—f(ck,ajk):l, vkeli<c’;,aji) (18)
f(ck,aJk)—f(ck,aj‘k)=0, vk e,k #i

Then, according to (18) we can derive:

ST f(ea)- X 1)

i=1 cjeaj c’ieai
=> f(cj,aji)— > f(c]f,aji)+ > f(cj,aji)— > f(c]f,aji) (19)
cjeai ¢ caj cjeai o caj
=2 Z f(cj,aJi)— Z*f(c’;,aJi)
Cj<ai c’jeaj
Thus, (16) is derived and the following holds:
ui(a;“,a_i)_ui (ai,a_i):rl)(af‘,a_i)—q)(ai,a_i) (20)

i.e., when an arbitrary player changes its selected strategy unilaterally, the change in the
individual utility function caused by any player’s unilateral deviation is the same as the change
in the potential function. According to Definition 2, G is an exact potential game with
network utility serving as the potential function.

Exact potential game belongs to potential games, which have been widely applied to
wireless communication systems. Potential game exhibits several nice properties and the most
important two are as follows [32]-[33].

1) Every potential game has at least one pure strategy NE.

2) Any global or local maxima of the potential function constitutes a pure strategy NE.

Based on the first property, theorem 1 is proved. ]

We note that this potential function (13) has strong relevance with the network utility
according to (6) and (7). Moreover, the utility function (7) is bound up with the payoff level.
The reason is that higher collision level causes the utility smaller as well as the payoff level.
Therefore, the network utility can reflect the level of total network throughput, so can the
potential function. We conclude that the strategy profile corresponding to the global or local
maxima of the potential function can make the network throughput better.

4.2 Spatial Adaptive Play Algorithm with Heterogeneous Learning Parameters

Because the distributed CA problem has been now formulated as an exact potential game, the
spatial adaptive play (SAP) algorithm [34]-[36] can be applied to achieve a pure NE of the
game that maximizes the potential function with arbitrarily high probability. However, it has
been shown that the convergence speed of conventional SAP algorithm is slow [32].

The learning parameter p of SAP balances the tradeoff between exploration and
exploitation. Smaller implies that the CR users are more willing to choose an suboptimal
action to explore, whereas higher implies that they are prone to choose the best response action.
Motivated by the idea proposed in [37], we introduce a heterogeneous learning parameter, i.e.,
B3 i\/rnEiNn(\J »|)» Where |3;| is the number of small cell i’s neighboring cells, to balance the
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tradeoff between exploration and exploitation and accelerate the converging speed. The reason
is that small cells are usually deployed randomly, the density of small cells is distinct in

different local areas. For a given small cell network, miNn(\J »|) is a constant, and |3,| is larger
for the denser area. Note that ﬂ\Ji\/gan(\Jn\) is larger than the homogeneous learning
parameter g and in the denser area g i\/gliNn(\J »|) is larger for a fixed . During the learning
period, players (small cells) with the larger learning parameter g3 i\/rnEiNn(\J o|) will have the

higher probability (defined by (21)) to choose better actions. Thus, accelerate the process of
choosing the optimal actions for every players, i.e., improve the converging speed.

Therefore, we propose a spatial adaptive play algorithm with heterogeneous learning
parameters (SAP-H). The specific algorithm is described in Algorithm 1.

Algorithm 1. Spatial adaptive play algorithm with heterogeneous learning parameters
(SAP-H).

Initialization: Set the iteration index k =0, let each player n, ¥ne N , randomly select an
available strategy a, (0) from the set of its available strategies with equal probability.

Step 1: All players exchanges information with their adjacent players through the gateway.
Step 2: Select a player i randomly.
Step 3: Player i calculates the utility functions over its all available strategies, i.e.,

u (a,a,, (k)), va € A;, while all other players repeat their selections, i.e., a; (k+1)=a (k).
Then, player i updates its mixed strategy:

exp{DJ Jrmino )] pui (a a, (k))}
Sach exp{DJ [/ min (9 n|)]/3ui (a2, (k))} |

where g (k+1) is the probability when play i select the strategy a at iteration k+1.

T (k+1)= (21)

B =1+5k/1000; |3,| is the number of neighboring player of player i; |J i|/miNn(|J o|) is a
dynamic factor which can vary according to the density of small cells deployed. Player i
selects a new strategy a, (k +1) according to the mixed strategy q, (k+1).

Step 4: If k exceeds predefined maximal number of learning, end; otherwise return to Step
2.

Theorem 2. In a potential game in which all players adhere to SAP-H, the unique
stationary distribution u(a)eA(A) of the joint action profiles, v >0, is given as

i exp {DJ |/ min (I n|)J ﬁcD(a)}
e[ .[rmin(o )] pocs)

where o ( ) is the potential function of the games specified by (13), A is the set of available
selection profiles of all players, i.e., A=A, ®A,®---®A, .
Proof: The following proof follows the proof lines given in [32] [34].

(22)
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In the considered network scenario, once the network topology i

J i\/wkn(\J .|) isa
constant for a fixed SCBS i but distinct for different SCBSs. Consequently, it is rational to
replace DJ |/ min (9 n\)]ﬁ with 4. Thus, (22) can be written as:

__ exp{po(a)
SR WCTITIE) &)

Denote the action selection profile at the kth iteration by a(k)={a, (k).....a, (k)}, where

a, (k) is the action of player n. Note that an action selection profile corresponds to a network
state. Because the network state a(k+1) just depends on a(k) rather than the network states

before the kth iteration. Therefore, we can interpret the learning process as a discrete time
Markov process, which is irreducible and aperiodic. According to the nature of the discrete
time Markov process, an unique stationary distribution can be found.

In order to show that (23) is the mentioned unique stationary distribution, we can verify
that (23) deduces to the balanced equations of the Markov process. The details are as follows:

Denote any two arbitrary neighboring network state by a and b, a,beA , and the
transmission probability from a to b, by Pab:Pr[a(k +1):b\a(k)=a]. Since in one iteration
only exactly one node is selected to update its selection in the proposed algorithm, there is at
most one element that can be changed in the network states between any two successive
iterations. Thus, there are only two nontrivial cases: 1) a and b differ by exactly one element,
or 2) a=b.

For case 1), specifically, we suppose that a and b differ by the ith element. Since node has
a probability 1/N of being chosen in any given iteration, it follows that

1 exp{f o)}
Pb =| — X —~ XPab’ 24
#@)R (Nj [ZSGAGXP{WD(S)}ENJ -

where the the iteration index k is omitted and that has no effect.
Note that
k
exppu(® bi (), | (25)
ZbeA exp{ﬂ, (' "( ))}ieN

where u(b,b; (k)) is the utility function of node i under the network state b at the kth iteration.
Thus,

u(a)Pab:(1)x[zex"{ﬂiq’(a)}-ew ][ oxpiAu(0® (k))iN ] (26)

N A EXP{BD(S)}_, exp{ Bu(b;b. )}.GN
Letting
P 1/N
(Zs Aexp{ﬂ'q)(s) ieN ) (Zb cAj exp{ﬂ' '(b bﬁ' )}IEN ) 27
1/N (@7)

(ZSEA EXp{ﬂi(D(s)}ieN )X(za’ieA {ﬂ' '( A )}IEN)
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According to the fact that the network states a and b differ by the ith element, i.e.,
a_;(k)=h(k), the following equation can be obtained:

#1(2) Py = 2exp{B®(a) + Ay (b, b)) (28)
Due to symmetry,
()R, = 2exp{A@(b)+ U (3,2} (29)
Therefore,
ZEE; E:: = exp{,b’i [@(a)-@(b)]+ A [u (b,b)-u(a.a; )]}ieN (30)
Using (12) in Theorem 1, we obtain
#(a) Py, = u(b) Ry, (31)
For case 2), i.e., a=b, (31) naturally holds.
Thus,
§ﬂ(a)Pab =§u(b)Pba =u(b)aZA P = (b), (32)

which is exactly the balanced stationary equation of the Markov process. Since SAP-H has
unique distribution and the distribution (22) satisfies the balanced equations of its Markov
process, we conclude that its stationary distribution must be (22).

Therefore, Theorem 2 is proved. [

Theorem 3: With a sufficiently large s, SAP-H achieves the maximum potential function
values with an arbitrarily high probability, where the potential function is defined by (13).

Proof: Theorem 4 in [32] had proved that with a sufficiently large s, SAP could achieve
the maximum potential function value of the game with an arbitrarily high probability.

Similarly, as mentioned in the proof of Theorem 2, we replace DJ |1 rnT!iNn(\J n\)}ﬂ with g . Then,
(21) can be rewritten as:

eXP{ﬂiUi (aivaJi (k))}
o OXB A (32 ()]
which is similar to (30) in [32]. In addition, g —« isequal to g —« due to the limited value
of [3,/min(jJ,[), and the updating processes of SAP-H and SAP are the same. Thus, we

q (k+1)= (33)

deduce that the two algorithms have the same converging result, i.e., with a sufficiently large
B, SAP-H also achieves the maximum potential function value of the game with an arbitrarily
high probability.

Therefore, Theorem 3 is proved. ]

For the proposed game, even though the optimal strategy profile may oscillate [36], the
maximum potential function value can be achieved with arbitrarily high probability with a
sufficiently large B . Then, according to the strong relevance between the potential function

and the network throughput, as specified by Theorem 3, the strategy profile of achieving the
optimal potential function can make the network throughput better. Thus, it is a desired
learning algorithm because a better solution for problem P1 are achieved via just local
information exchange between neighbors.



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 9, NO. 12, December 2015 4811

5. Simulation Results and Discussion

In the following simulation study, we consider a homogeneous small cell network that all
SCBSs are randomly located in a 200mx200m square region. The direct connectivity between
the core network and the SAP is maintained by the small-cell gateway. Together with
signaling protocol and channel conversions, the small-cell gateway aggregates and integrates
traffic from a large number of small cells into the existing mobile networks [8]. In addition, the
small-cell gateway can allow the information exchanging among small cells. For the
convenience of simulation and presentation, we assume that each small cell has the same
transmitting power and the same coverage’. An example of the simulated random topology is
given by Fig. 2. The coverage distance of each small cell is 20m, and the interference distance
of co-channel communications is set to 60m. The transmitting power of each small cell is
40mW. We assume that in the network there are several different bands available, and the
transmitting characteritic for different channels in different bands are same. All the channels
have the same bandwidth 5MHz. The background noise is -174dbm/Hz. The path loss is
proportional to square of the transmitting distance.

5.1 Comparison of Convergence Speed

For the random network topology which is shown in Fig. 2, there are 20 SCBSs deployed. We
consider that there are two frequency bands, i.e., B =2, that can be used dynamically and each
band has three channels [6], i.e., K, =3. Therefore, there are six channels available in the

network. The maximum number of channels that each SCBS can simultaneously operate on is
three, i.e., M; =3. The maximum number of bands that each SCBS can simultaneously deploy

is two, i.e., by, =2.

On one hand, in Fig. 3 we compare the convergence speed of the proposed SAP-H and the
conventional SAP in different network scenarios. The results are obtained by taking 1000
independent trials and then taking expectation for a network topology. It is noted that in the
network with 20 small cells the proposed SAP-H converges after about 400 iterations while
the conventional SAP does after 900 iterations, and in the network with 40 small cells the
proposed SAP-H converges after about 600 iterations while the conventional SAP does after
950 iterations. Therefore, the iterations needed for converging of the proposed SAP-H
algorithm is significantly decreased compared with the conventional SAP algorithm.

! However, it should be emphasized that the proposed game-theoretic solution is general and can be applied to
scenarios with heterogeneous converge.
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Fig. 2. An example of simulated random network topology with 20 SCBSs. (The small solid circles
represent the SCBSs while the large dashed circles represent the region of co-channel interference.)
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Fig. 3. Comparison of the convergence speed between the conventional SAP and the proposed SAP-H
(N represents the number of SCBSs in the considered network).

On the other hand, in Fig. 4, we compare the relevance among the network utility, the
potential function and the network throughput. It is noted that as the potential function
increases, the network utility and the network throughput increases. This result confirms that
the relevance among the network utility, the potential function and the network throughput is
robust. It is further validated that the strategy profile of achieving the optimal potential
function can also make the network utility and the network throughput optimal. Besides, our
defined utility function is rational, which can reflect the network capacity.
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5.2 Throughput Performance

1.4

I
—&— Conventional SAP
1.2 Best NE
—+&— Proposed SAP-H
—&— Worst NE
1 —k— Random selection  H

ITEL-BA in [6]
. \\

| N

0.2 ~i

(0] 25 30 35 40 45
Number of small cells (N)

Expected average network throughput for each cell

0
2

Fig. 5. The expected average throughput for each small cell when varying the number of small cells
(B:2’Kb :3,M| :3’bM :2).

The average throughput for each small cell when varying the number of small cells is
shown in Fig. 5. It is noted that as the number of small cells increases, i.e., the network density
deployed increases, the average throughput for each cell decreases and the tendencies are
almost the same for different algorithms. We obtain the best NE and the worst NE by taking
1000 independent trials and then taking the maximum and minimum throughput after
convergence for different network layouts, respectively. Note that the performance of the
proposed SAP-H algorithm is close to the best NE and has approximate 10% improvement
than the worst NE. The gap among them is nearly uniform. Also, the several learning
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algorithms significantly outperform the random selection methods. Particularly, SAP-H has a
great improvement in terms of the throughput than random selection methods especially for
the networks deployed with sparse cells, e.g., 20 small cells. More importantly, compared to
conventional SAP, its performance have a little improvement. In addition, the performance of
our proposed SAP-H has about 25% improvement than the ITEL-BA algorithm proposed in
[6]. The reason is that the defined utility function in [6] was not rational to reflect the
throughput, e.g., for player n, if measured interference in one channel was larger than specified
interference threshold, this channel could not be utilized for communication, i.e., n’s obtained
throughput should be zero rather than a minus value calculated by [6].

|
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Fig. 6. The comparison of expected average throughput for each small cell with different spectrum
resource available (B denotes the number of bands available, M shows the number of channels in each
band).

In order to study the impact on the network performance with different spectrum available,
we compare the average throughput with different spectrum resources available in Fig. 6. For
M =[3,3] and M =[2,2,2], there are both 6 channels available. It is noted that in a network with

20 cells the throughput for M =[3,3] has 10% improvement than M =[2,2,2]. That is to say,

with the same channel available, the more number of bands in which these channels locate, the
less throughput can be achieved. The reason is that more bands cause more cost in performing
CA. However, as the number of the small cells increases, the gap between the red line and the
blue line decreases. Especially for the small cell network with 35 or more cells, the average
throughput is about the same for M =[3,3] and M =[2,2,2]. The reason is that as the density of

small cells becomes larger, the mutual interference is more severe which plays a more
important part than inter-band cost in selecting channels for CA. And when small cells are
denser enough, e.g., there are 35 or more cells in the network, the mutual interference is so
severe that the inter-band cost is negligible according to (7). In addition, the network
performance for M =[3,3] is significantly improved compared with M =[2,2] and the gap
between the blue line and the black line is almost uniform for different number of cells. It is
rational that the more channels are available, the more throughput can be achieved
correspondingly. The presented results also imply that searching more available spectrum
resources is a good way to improve the network capacity.
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In Fig. 7, we compare the throughput performance under different & . From the simulation
result it is noted that as § increases the expected average throughput for each small cell
decreases firstly and then increases. The reason is that when & is less than 2.5, it is beneficial
to aggregate a white channel according to the defined utility function (6), but larger & takes
more cost which make the throughput less according to equation (2). And when &
outnumbers 2.5, it is not beneficial to aggregate a white channel according to (6), it is more
likely that small cells aggregate intra-band channels rather than inter-band channels.
Consequently, the throughput increases. Besides, when § =0, such an CA model has also
been applied for multiple channel selection in small cell networks.

11 ]/P—-i]

; e
1.05 ;\Ek )
\ —H8— 20 small cells

LN

0.9
0

Expected average throughput for each cell
-

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
delta
Fig. 7. The expected average network throughput for each small cell when varying the degree of
flexibility in performing CA, i.e., & (larger & means that greater cost would be paid for performing

CA) (B=3K, =2,M, =3,b, =3)

6. Conclusion

To cope with the local interference and the distinct cost of intra-band and inter-band CA, we
proposed a non-cooperation game which was proved to be an exact potential game.
Furthermore, we proposed a spatial adaptive play algorithm with heterogeneous learning
parameters (SAP-H) to converge towards NE of the game. In this algorithm, heterogeneous
learning parameters were introduced to accelerate the convergence speed. It is shown that with
the proposed game-theoretic approach, global optimization is achieved with local information.
Simulation results validated the effectivity of the proposed game-theoretic CA approach. In
addition, we studied other factors to affect the network throughput in performing CA and
obtained some meaningful conclusions. In future, we plan to study QoS-aware CA in
heterogeneous wireless communication system.
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