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Abstract—In this paper, we consider the amplify-and-forward
relaying transmission in the downlink of a multi-channel cellular
network with one base station and multiple relay-destination
pairs. Spatial reuse of the relaying slot by allowing simultaneous
transmissions from the relays is adopted to avoid the spectral loss
incurred by the half-duplex relays. The relays are modeled as
rational agents engaging in a non-cooperative game. In order to
maximize its individual rate, each relay node iteratively allocates
its power across different subchannels based on local information,
while treating the signals from the other users as additive
noise. First, we propose a distributed algorithm based on best
response that is applicable in any signal to interference plus
noise ratio (SINR) regions. Then, by focusing on the low SINR
region, we propose a modified iterative water-filling algorithm.
The existence of Nash equilibrium (NE) is guaranteed and the
sufficient condition to reach a NE iteratively is determined.
Next, we consider medium to high SINR regions and propose a
distributed algorithm based on the sub-optimal response, which
can be shown to reduce to the classic Gaussian interference
channel model, for which analytical sufficient conditions for the
convergence to the unique NE can be readily obtained. Finally,
we extend the analysis to a general network topology wherein
the users having different channel conditions coexist. The results
show that, in low SINR regions, the proposed modified iterative
water-filling algorithm yields a higher average sum rate than two
simplified algorithms, i.e., the equal power allocation scheme and
the conventional time-division based protocol, while in medium
to high SINR regions, the sub-optimal-response based algorithm
outperforms these two simplified algorithms in terms of the
average sum rate.

Index Terms—Distributed power allocation, interference chan-
nel, relay networks, game theory, Nash equilibrium.

I. INTRODUCTION

N many wireless networks, the transmitters may not be able

to support multiple physical antennas due to limitations
in size, complexity, cost or other constraints. Cooperative
communication [1] is an alternative approach that is becoming
increasingly popular thanks to its ability to provide spatial
diversity without packing multiple antennas physically into
small-size mobile nodes. Depending on whether the source’s
signals are forwarded by the relay after regeneration or not,
user cooperation can be further classified as non-regenerative
cooperation, e.g., amplify-and-forward (AF), and regenerative
cooperation, e.g., decode-and-forward (DF) [1].
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It has been shown that power allocation is an efficient
approach to enhance the spectral efficiency. Several power
allocation algorithms were proposed, by utilizing the channel
state information (CSI) at the transmitter, to improve the
performance of cooperative networks. In particular, the authors
in [2] proposed opportunistic cooperation which can achieve
the minimum outage probability for cooperative DF networks
by dynamically adjusting the transmission time and corre-
sponding power of each network node based on the global CSI.
In [12], the authors investigated the rate optimization problem
in multiple access AF relay networks based on a centralized
power control scheme. Unfortunately, these centralized algo-
rithms are, in general, difficult to implement in practice despite
their appealing performance gain, due to the high signaling
overhead incurred in coordination, information exchange, etc.
[16]. Another drawback of the conventional relay transmission
is the spectral loss due to the pre-log factor of 1/2 [1].
Consequently, spectrally-efficient transmission protocols have
been proposed to avoid the loss [3][4]. For instance, the
authors in [3] proposed a two-way relaying protocol that
allows the source nodes to transmit simultaneously to enhance
the utilized spectral efficiency. A sophisticated protocol was
proposed in [4], wherein the source node first transmits in
non-overlapping time slots to different relays that will transmit
simultaneously in the remaining time slot. By doing so, the
relaying time slot is spatially reused and thus, the spectral
loss factor is avoided. As in [2], however, the proposed
power allocation algorithms require the global CSI in most
existing works on spectrally-efficient relay networks, e.g., [3].
Furthermore, in these papers, the users need to explicitly
cooperate with each other, which may not always be realistic
when the participating users are self-interested.

To address the aforementioned concerns, some distributed
power allocation algorithms were recently proposed (see
[5][8]-[10] and references therein). In [8], the authors con-
sidered an interference-free wireless AF network and pro-
posed two power allocation strategies to maximize either the
minimum signal-to-noise ratio (SNR) among all the users
or the weighted sum of SNRs using both centralized and
distributed algorithms. One fundamental assumption in [8] is
that all the users are willing to cooperatively maximize the
network utility, which implicitly requires coordination among
the users. In a network with self-interested users that care
only about their own utilities, it is of particular interest to
model the problem of distributed power allocation from the
game-theoretic perspective [16]. For example, the problem
of allocating the relay’s power to different sources based on
auctions was examined in [9] for a wireless AF relay network.
However, as in conventional relay networks, the spectral loss
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issue was not addressed in [9]. In [10], an iterative power
allocation algorithm was proposed to optimize each individual
user’s rate for a simple DF network with only two selfish
users. Considering a spectrally-efficient network with spatial
reuse of the relaying slot, the authors focused on the energy
efficiency of the network and investigated the distributed
power allocation problem using game theory [5]. Nonetheless,
neither the rate-maximization problem nor the convergence of
the proposed algorithm was discussed in [5].

In this paper, we consider a spectrally-efficient cellular
relay network wherein concurrent transmissions from different
relays are allowed, and derive distributed power allocation al-
gorithms for self-interested relay nodes using the framework of
non-cooperative game theory [30]. Each relay node iteratively
maximizes its individual rate based on the local information
by allocating its power across different subchannels, while
treating the signals from the other users as additive noise.
First, we propose a distributed algorithm based on the best
response, which is applicable in any signal to interference plus
noise ratio (SINR) regions but lacks mathematical tractability.
To analyze the convergence of the algorithm, we then consider
low SINR regions and propose a simultaneous modified iter-
ative water-filling algorithm. Specifically, each user updates
its power allocation by multiplying the water level by a
certain factor on a per-subchannel basis. The existence of Nash
equilibrium (NE) is guaranteed and the sufficient condition
to reach a NE is also determined. Next, by focusing on
medium to high SINR regions, we propose a distributed
algorithm based on the sub-optimal response. With a negligible
performance loss in terms of the average sum rate of all
the users compared to the best-response based algorithm, the
algorithm based on the sub-optimal response is mathemat-
ically tractable and easier to compute. Furthermore, it can
be equivalently viewed as the classic Gaussian interference
channel model, for which analytical sufficient conditions for
the convergence to the unique NE can be readily obtained.
Finally, we extend the analysis to a general network topology,
wherein the users having different channel conditions coexist,
and conduct extensive simulations to validate the analysis.

The rest of this paper is organized as follows. Section II
describes the system model and problem formulation. In Sec-
tion III, distributed power allocation algorithms are proposed
for the multi-user relay network. To analyze the convergence
of the proposed algorithms, we first separately consider low
SINR and medium to high SINR regions, and then extend the
analysis to general network topologies. Simulation results are
shown in Section IV. Finally, concluding remarks are offered
in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a cellular relay network consisting of one base
station and @ relay-destination pairs', as illustrated in Fig. 1

[4]-[7].
A. System Model

The i-th relay and destination nodes are indexed by R;
and D;, respectively, for i = 1,2---(@Q), and the base station

‘

IThroughout this paper, we interchangeably use the term “user i” to

represent the ¢-th relay-destination pair R; — D;.
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Fig. 1.

Network model.

is represented by S. Assuming that the system has N unit-
bandwidth subchannels (or frequency bins), we denote the
channel coefficients for the k-th S —R; and the k-th R; —D;
subchannels by gg ; and hf j» respectively, for k =1,2--- N
andi,j = 1,2---@Q. The transmit powers of S and R; over the
k-th subchannel are Ps; and P;, respectively. Like in [8],
we assume that the power of the base station, Ps j, is prede-
termined, and concentrate only on the adaptation of the relays’
power in this paper. The transmission between different nodes
suffers from frequency nonselective independent ergodic block
(or quasi-static) fading. Local CSI, i.e., g";’i and hfl, is only
available at user ¢ through training sequences and channel
feedback [2]. Hence, due to the distributed nature of the
considered communication problem, neither gg s hi-f ; nor hf !
is known to R; or D; if j # i, forl = 1,2--- N. Furthermore,
we assume the zero-mean complex additive white Gaussian
noise (AWGN) at each node over each subchannel to have
a variance? of Ny. Due to the half-duplex constraint, we
consider orthogonal relaying transmissions, e.g., the source
node and the relay node transmit in two non-overlapping time
slots. For the convenience of analysis, the direct link between
S and D; is neglected due to, for instance, the shadowing
effects [3]. To forward the data from the base station to the
destination, we adopt the classical AF strategy [1] as the
relaying operation, which has been shown to be an appealing
technique due to its low cost and easy implementation as
opposed to DF [11].

Considering the downlink transmission in a time-division-
multiple-access (TDMA) cellular relay network, we aim at
improving the spectral efficiency by spatially reusing the
relaying slot. To this end, we divide each frame equally into
@ + 1 orthogonal time slots. During the i-th slot of the frame,
the base station transmits to R;, for ¢+ = 1,2---Q. Then,
simultaneous transmissions from all the relays are activated
during the (@ + 1)-th slot of the frame. Hence, a spectral
efficiency factor of 1/(Q + 1) can be effectively achieved
[5], unlike in the conventional TDMA-based relay network
wherein the relays do not transmit simultaneously and the
achievable rate is scaled by 1/2Q due to the spectral loss.
Moreover, the signaling overhead in coordinating the relays’
transmission in the conventional TDMA protocol is no longer

2The analysis throughout this paper can also be easily generalized to the
case that the AWGN power at the k-th subchannel is N(’f, whereas Né #* Ng
if ¢ # j. For the convenience of notation, we assume that Né = Né = Np
fori,j=1,2--- N, asin [17].
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required. A similar transmission scheme for a multiple-antenna
system was considered in [5], wherein the authors focused on
the energy efficiency of individual relays. For the network
considered here, the signals received at R; and D; over the
k-th subchannel can then be written, respectively, as

Q
iV Ps ki k+nR and yD = Z hj ZOéRJ yR] ‘*‘nDu

j=1
)
where z; 1 is the unit-variance transmit signal from S to D;,
a%i is the amplification factor of R;, n%l and nkDi are the
statistically-independent AWGN terms at R; and D; over the
k-th subchannel, respectively. The amplification factor a’ffzi,
which is part of the local information known by user ¢, is

chosen to satisfy the power constraint at the relay, i.e., a%i =

Py
Tk Ps i, DY Plugging Y, = 987/ Psktik + 1,

into (1), we can rewrite the received signal over the k-th
subchannel at D; as

= hk aR gS N Ps kxin + Zh] zOzR]gS]\/‘P‘s,kl‘%k

J#i

k
Yr, =

k
Yp;

+ Z hf; zaRJ nR +nb, .

@)

Since we focus on developing distributed algorithms, we
assume that D; is only interested in the signal forwarded by
R; and consider transmission techniques with no interference
cancelation. Treating h”aR gSZ\/Pg,kxi,k as the desired
signal component and the multiuser interference as noise at
D; and after some mathematical manipulations, we can then
express the receive SINR at D; over the k-th subchannel as

|g§,i‘2|h§,i‘2PS,kPi7k
‘hﬁiPNOPi,k + (\gé,iIQPs,k + No) WAVE?

YDk = 3)

where A; ) = Z] 1]¢z|h J|?Pjx + No. Assuming that
the base station transmits information streams across all the
subchannels, the achievable rate of user i, for i = 1,2---Q),
can be mathematically expressed as®

N

> log (1+7p,.£)
k=1

where the scaling factor 1/(Q 4 1) is due to the fact that S
transmits z; 5 only for a fraction of 1/(Q + 1) of the frame,
VYD; ,k is defined in (3), pPi = [Pi71, Pi72 s ,Pi,N}T, and P-i =
(P1°+"Pi-1,Pit1" " PQ)-

Before proceeding to the problem formulation, we comment
on how this paper significantly differs from the existing works
on Gaussian interference channels, despite the absence of
direct channels. The key difference is that the signal forwarded
by the relay node is not “clean”, whereas the source transmits
noiseless signals to the destination in single-hop Gaussian
interference channels, i.e., the relay amplifies the Gaussian

Ri(pi;p—i) = (€]

Q+1

3 All Togarithms have a base of two throughout this paper, unless otherwise
stated.
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noise, in addition to the desired signal, which can be seen
from the signal model in (2). Due to the noise propagation
by the relay, the term Py, i.e., the i-th relay’s power over
the k-th sub-channel, appears both in the numerator and de-
nominator of the receive SINR. Nonetheless, the denominator
in the receive SINR in Gaussian interference channels only
contains the multi-user interference and Gaussian noise, which
significantly simplifies the expression of the receive SINR and
analysis of distributed power allocation algorithms. Hence, the
analysis in this paper can be regarded as a generalization of
the existing results on Gaussian interference channels. As a
special case, if the signal forwarded by the relay is noiseless
r “clean” (i.e., the base station to relay channel is almost
“perfect” or equivalently |g; x|> — 00), the dual-hop relay
channel reduces to the conventional Gaussi’all{y interference

. P;
channel and the receive SINR becomes — Ihi lk -
[R5 ;|2 Pj i +No’

which can also be obtained by taking the fmlt of (3) with
respect to |g; x|> — oo.

B. Problem Formulation

The traditional view of interference channels focuses on
interference cancelation by allowing the transmitters to co-
operatively transmit their signals to the destination. Unfortu-
nately, to achieve this, a central controller having the global
CSI knowledge is required, thereby incurring a heavy spectral
loss due to the signalling overhead required for the information
exchange and coordination messages. If such global cooper-
ation, except for time synchronization, cannot be assumed,
each user may try to compete for the scarce resource and
optimize its own performance based on its local information,
regardless of all the other users. In this communication setting,
a natural solution is to formulate the interference channel
into the framework of non-cooperative game theory [16].
In particular, we consider a non-cooperative game in which
each relay node optimally allocates its power across all the
subchannels to maximize its own payoff, i.e., achievable rate in
(4). The power-allocation game can be mathematically stated
in the following structure

G =1{Q, {Pi}ica, {Ri(pi;P—i) }ical, )

where Q = {1,2---Q} is the set of active users (i.e., R; — D;
pair), P; is the set of admissible power allocation strategies
of user ¢ defined as

N
Pi={pi € RV : Y Py =PI,
k=1

(6)

0< Py < PR Vke{1,2---N}

and R;(pi;p—:) is the payoff function of user i, given its
own power allocation p; and that of all the other users p_;.
Note that Ziv P > P s assumed for all 7 € €2 to
ensure that P; is always nonempty. Moreover, the equality
Zk 1 Pk = Rmax in the admissible strategies can also be
replaced by Z w1 Di e < P without affecting the optimal
solution, since the equality must be activated at the optimum
point, which can be easily proved using standard optimization
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techniques [25]. Given the power level of all the other users,
the optimal power allocation strategy of user @ is referred to
as the best response function denoted by p;, for all ¢ € Q.
In the non-cooperative game, the NE is achieved when user 1,
given the strategy of all the other users p_;, cannot increase
its payoff R;(p;; p—i) by unilaterally changing its own power
allocation strategy p;, for all i € 2. Mathematically, the NE,
denoted by p*, of the game G in (5) is formally defined as
follows [30]:

Ri(p;ip ;) > Rilpisp™,), VpiePi, VieQ. (1)

III. DISTRIBUTED POWER ALLOCATION ALGORITHMS

In this section, we first develop a best response based itera-
tive power allocation algorithm wherein each user myopically
maximizes its achievable rate. Then, due to the mathematical
intractability of the best response based algorithm, we resort
to commonly used approximation techniques and propose two
sub-optimal distributed algorithms which are applicable in low
SINR and medium to high SINR regions, respectively. We also
show that these two sub-optimal algorithms can be combined
to address the general network conditions.

A. Best Response Based Algorithm

Focusing on distributed power allocation algorithms, we
first formulate the rate-maximization problem, for each user
i € (2, within the framework of non-cooperative game theory
as

1 1
Q 081 +Dk) (g

Pi Epi,

H}D%XR i(Di; P—i) max Z

S.1.

where ~yp, ;; given in (3) is the receive SINR over the k-th
subchannel at D;. Based on the fact that the problem in (8)
is concave in p; given any feasible value of p_;, we can
easily obtain the unique and optimal power allocation of user
7, which is summarized in Theorem 1 as follows.

Theorem 1: For any fixed and feasible value of p_;, the
optimal power allocation of user i, p; = [P}, Py -~ P )7,
in any SINR regions is unique and given by

; [— (l9%.:1*Ps.x + 2No) Ai g
Py =

2|hF 2Ny
s
\/|9§,i\4P§,kA?,k +4Nilg& 2 |hE 12 Ps - NoAg i ] 0

2|hf’i|2N0 0
9
where [x]° = max{a, min{z,b}}, A =
Zg Ljzi (5P Pik + No, for k= 1,2:--N, and X;

is a constant chosen to satisfy the power constraint
ZN P J— Pmax
k=11ik — 45 -

Proof: Using standard optimization techniques, the so-
lution can be obtained from the KKT conditions [29]. The
details are omitted due to the limited space. [ |

For the convenience of notation, we express the power
allocation strategy of each user ¢ as follows

p; = PowerAlloc(p_;). (10)

1955

Then, based on Theorem 1, all the Nash equilibria, if they
exist, must satisfy the following set of nonlinear equations:

P}y = [PowerAlloc(p®,)], , N, VieQ,.
(11)

With regard to the existence of NE in the game G, we have
the following proposition which guarantees that the solution
set of the fixed-point equations in (11) is always nonempty.

Proposition 1: The game G admits at least one NE regard-
less of the channel gains.

Proof: It can be easily shown that the set P; of all
feasible power allocation strategies of user ¢, as defined in
(6), is convex and compact, for all i € ). Furthermore, the
payoff function of each user i, i.e., R;(p;; p—:), is continuous
in p = (pi;p-i) and strictly concave in p; € P; given
any strategy p_;. Hence, the payoff function is also quasi-
concave [29]. Then, based on the fundamental game theory
result summarized in Proposition 20.3 in [30], we conclude
that the game G in (5) admits at least one NE. [ |

We observe that, in order to compute (9) and respond opti-
mally to the strategy of the other users, the local information
needed at user 7 includes {gSl,h”,X:7 1 W% 2Pk +
Ny, for k =1,2---N}, where Zj 1t \h“\QP],k + Ny is
the sum interference plus noise, which can be measured at
D;. Besides its local information, some global information,

e., Psy for k = 1,2---N, also needs to be known by
each user. The values of Psy, for K = 1,2---N, can be
obtained by either broadcasting them to all the users by the
base station or calculating Ps j, = [@j;;—k)? — No)/lgs.i|*. The
details of how to acquire such knowledge is beyond the scope
of this paper and interested readers may refer to [15] and
references therein. With only local information at each user,
the distributed power allocation algorithm based on the best
response can be described in Algorithm I as follows.

V=12

Algorithm I: Distributed Power Allocation

Step 1: n = 0; Choose a feasible p(”) fori=1,2---Q
Step 2: pEnH) PowerAlloc(p!” ) fori=1,2---Q;
n=n+1;

Repeat Step 2 until convergence or n = Nj;

It is known that efficient numerical methods are available to
compute the water-filling solution [16][26]. As a result of the
square-root operator, however, it incurs a high computational
complexity to compute the optimal power allocation given in
(9). Furthermore, it is challenging to establish the sufficient
conditions for the convergence of Algorithm I, though the
convergence is observed in many simulations. In order to
solve the power allocation problem efficiently and characterize
analytically the convergence condition, we shall consider low
SINR and medium to high SINR regions separately and pro-
pose another two algorithms in which each user sub-optimally
allocates its power across all the subchannels depending on
the channel conditions. The convergence of the algorithms is
mathematically tractable and, despite the sub-optimal choice
of power allocation strategy in each iteration, the performance
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loss in terms of the sum rate of all users is negligible, as will
be shown from the extensive simulations.

B. Low SINR Regions

In this subsection, we consider the scenario in which
the destination node can only receive a low SINR. This is
not unusual in wireless networks when harsh transmission
environments occur, e.g., randomly faded channels, severe
interferences and low power constraints. In sufficiently low
SINR regions, an important property of the transmission rate
in (4) is that it can be appropriately approximated as a linear
function of the receive SINR [28], which can be well justified
by the fact that log(1 + x) ~ « - log(e), where x > 0 is
a sufficiently small number?. Hence, for each user i € €,
we can reformulate the power control problem in low SINR
regions as follows

N
max R;(pi; p—i) < ma ’ i P—i
10 1 (p; i) pix;w“k(pz P-)
s.t. pi €P;,

where yp, 1(Pi; P—i), as a function of the power allocation
strategies of both user ¢ and the other users, is the receive
SINR of user ¢ over the k-th subchannel given in (3) and
‘P; is the admissible power strategy of user ¢ defined in
(6). In general, the optimization problem of maximizing
Z,{Ll o, .k (Pi; P—i) over the p; and p_; is a nonconvex
problem and the global optimal solution is difficult to obtain.
However, for each user 7 € () in the non-cooperative game
G, it solves the optimization problem in (12) by allocating
its power across all the subchannels while treating the power
allocation strategy of all the other users as fixed. We can easily
prove that, for a fixed p_;, maximizing ngzl ¥D,.k(Pi; P—i)
over the p; is a convex optimization problem and, fortunately,
the closed-form solution can also be readily obtained. The
following theorem summarizes the power allocation strategy
of user ¢, given the strategy of the other users.

Theorem 2: For any fixed and feasible value of p_;, the
optimal power allocation of user i, p; = [P}, Py - - Py )7,
in low SINR regions is unique and given by

1 ‘gg,i|2PS,k . Z?:Lj;ﬁi ‘h;?,i|2p‘,k + No

" i Ny Bik 13
P
3 Z?:l,j;ﬁi W% 2Py s+ No | "
Bik o

where A; is the La%}rangian multiplier chosen to satisfy the
power constraint )", P; ; = P/"® and

k2N,
198 PPsg+ No

Bik (14)

Proof: The solution can be obtained by simple manipu-
lations using the Karush-Kuhn-Tucker (KKT) conditions [29].
The details are omitted here due to space limitations. [ |

4Without approximation, the solution becomes mathematically involved
(see Eqn.9). Moreover, the proposed algorithm converges in just a small
number of iterations using the approximation, which can be seen from the
numerical results.
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Denote P} = [W]—'i(p_i)]k. Then, in low SINR regions,
it is clear that the NE of the game G satisfies
Ply = [WFi(pL;)]

Vk=1,2---N,VieQ. (15

k )
Furthermore, in low SINR regions wherein user ¢ chooses (13)
as its power allocation strategy, there exists at least one NE
in the game G, as stated in Proposition 2.
Proposition 2: In low SINR regions, the game G admits at
least one NE regardless of the channel gains.
Proof: The proof follows the same steps as those involved
in proving Proposition 1. [ ]
Now, we develop a distributed power allocation algorithm,
which can achieve the NE based on only local information,
and find the sufficient conditions under which the proposed
distributed algorithm will converge to the NE regardless of the
initial points. It can be seen from (13) that the optimal power
allocation of user 7, given the strategy of all other users, is
a modified water-filling solution [17]. Specifically, the water
level is modified on a per-subchannel basis by multiplying
a certain factor that is a function of the power allocation
strategy of the other users. Hence, we can rewrite the optimal
power allocation of user ¢ in (13) as P/ = WFi(p—s)] p =

Q@  IRF 2P a4 No | PR

/\.tl. - izt lﬂ_”;| e ,fork=1,2---N and

ilik 7,
! 0
1 € ), where

-1
‘ k |2p ZQ \hk |2p, + N,
. 95,1 S.k j=1,g7i Yil" .k 0
ik :

e No Bik

(16)

Motivated by the idea of the modified water-filling algo-
rithm with additional “taxation terms” [17][22], we first fix
t; 1 and solve the power allocation strategy of user 7 using (13)
while treating the interference term caused by the other users
as a constant. Then, we update P; j,, according to (13), repeat-
edly until convergence or the maximum number of iteration is
reached, for i € Q and k = 1,2--- N. After updating p, we
shall update ¢; ;, based on (16), fori € Q and k =1,2---N.
Specifically, the modified iterative water-filling consists of two
loops. The outer loop is essentially updating ¢; 5, while the
inner loop is that, assuming that the multiplication factor
i, 1s fixed, we iterate the power allocation process over
all the users. Note that the water level \; can be efficiently
determined using numerical methods [17][26], e.g., bisection,
and thus the optimal power allocation of user ¢ can be obtained
for all i € Q. Let t; = [ti717ti72"'ti7N]T, for i € €,
t = (t1,t2---tg), and Ny, and Ni; be the maximum numbers
of iterations in the inner loop and outer loop, respectively.
In general, both Nj; and Nit are chosen to be sufficiently
large numbers. The proposed modified iterative water-filling
algorithm is then formally summarized in the following.

In general, a sufficient condition for the global convergence
of Algorithm II is difficult to establish due to the two coupled
update processes in Step 2 and Step 3. To be more specific,
given a fixed value of t, we can establish the convergence
condition for the inner-loop iterative process based on the
contraction mapping theory [25][31]. Nevertheless, the value
of t changes over time and thus, significantly complicates
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Algorithm II: Distributed Power Allocation in Low SINR

Regions
Step 1: m = n = 0; Choose a feasible p§”) and tE”),
fori=1,2---Q
Step2: p!"*V = {W]—'i(p(f?)} (Eqn. 13),
fori=1,2---Q;
n =n + 1; Repeat Step 2 for V;; times
Step 3: m = m + 1; Update t(") until convergence

or m = Ny; go back to Step 2

the derivation of conditions on the uniqueness of NE and the
convergence of Algorithm II°. Hence, following the existing
literature (e.g., [20]), we first analyze the convergence property
of the inner loop in Algorithm II and then discuss the
uniqueness and convergence of the whole algorithm.

Before deriving the convergence condition for the inner loop
in Algorithm II that is applicable in low SINR regions, we
define the matrix

k
‘hj,i‘Q k

[Smax] 4 {maxk—lﬁ---NW pj7i7 le?éj, (17)

ij .
’ 0, otherwise,

where (3; 1. is defined in (14) and

Q P

Ko \Qg,j 2 Bk PNy |h{€,j‘2pff;€dx + No (18)

o 95417 Bix No
Now, introducing the matrix norm || - ||co,ma induced by the
vector maximum norm || - ||« defined as

Q
2 QxQ
(| Al oo, mat = i:{r?,g.’.‘.@}; [Al,;. AERY? (19

we establish the following theorem that gives the sufficient
conditions for the inner loop in Algorithm II to converge from
any initial points.

Theorem 3: If the following condition is satisfied:

[[S™ oo, mar < 1, (20)

where S™#* and the matrix norm || - |jco,ma are defined
respectively in (17) and (19), then, as Ny, — oo, the proposed
simultaneous iterative modified water-filling power allocation
algorithm in the inner loop (Step 2) in Algorithm II converges
linearly to a unique point regardless of the initial feasible
points.
Proof: See the appendix. [ |
Given that t is fixed, Theorem 3 states the sufficient
condition for convergence of the inner loop in Algorithm II
and can be interpreted as follows. The inner loop is guaranteed
to converge under weak interference conditions, i.e., for all the

5To the best of our knowledge, the same problem was often encountered
in other works as well (e.g., [17]-[22]). For instance, the authors in [18]
proposed a modified iterative water-filling algorithm based on two alternate
update processes (i.e., outer and inner loops in this paper) and remarked
that the proposed algorithm was observed to converge to a fixed point in all
the simulations, without providing rigorous analysis on the convergence and
uniqueness conditions.
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users, the equivalent sum interference channel gain divided
by the desired channel gain is less than one. This coincides
with the sufficient conditions for convergence derived for
conventional Gaussian interference channels with one-hop
transmission [16][25]. It is also interesting to note that the
condition in (20) is independent of the values of t and that
the inner loop may also converge even though (20) is not
satisfied. As in [17]-[22], due to the time-varying nature of
t, it is mathematically intractable to derive the convergence
condition for the outer loop. Fortunately, the convergence of
the outer loop in Algorithm II can be guaranteed in most cases
by incorporating a memory factor [17]. Specifically, according
to [17], we can update t based on the following recursive
relation

" =gt 4 (1 — f)tm ! Q1)
where 6 € [0,1) is a constant referred to as memory factor and
f;”,j ! is calculated directly from (16). It is shown in [17] that,
by appropriately choosing a memory factor, the convergence of
updating t is guaranteed at the expense of potentially slowing
down the convergence speed of Algorithm II. However, we
observe through extensive simulations that the convergence
probability of updating t based on (21) is insensitive to the
choice of 6. In other words, given any valid value of 6 € [0, 1),
the convergence of the outer loop can be (almost) always
observed. This can be explained by the fact that, when the
inner loop converges under mild interference conditions, one
user’s power allocation strategy does not heavily rely on the
others” and hence, rate maximization at each user can be
viewed as “independent” [19]. Therefore, updating t; by user
1 1s more or less self-contained and the outer loop converges,
given different values of 6 [18]. In particular, a good choice
of 6 is heuristically found to be between O and 0.5. We
further note that, if the process of updating t and p converges,
Algorithm II will then converge to the NE of the game G,
since it adopts the optimal solution to the convex optimization
problem (12) for each user i € Q [17].

In addition to convergence, the uniqueness of NE is another
critical property in game-theoretic studies. Regarding the
power allocation problem in this paper, however, it should be
noted that the two-loop structure in Algorithm II is essentially
a complicated iterative process in the sense that the parameters
updated in the outer loop are time varying and highly coupled
with the inner loop. As a consequence, it is quite involved to
derive the condition on the uniqueness of NE of the game.
The same limitation exists in [17]-[22] wherein only partial
uniqueness and convergence conditions were derived by fixing
the outer-loop parameters. Nevertheless, as long as the level
of interferences is not high and the inner loop converges,
we observe in (almost) all the cases through simulations the
uniqueness and convergence of the two-loop Algorithm II°.
Therefore, we believe that the derived partial convergence con-
dition in (20) is still useful, since it guarantees the convergence
of the inner loop and, with a large probability close to one,
the convergence of the outer loop and the uniqueness of NE
as well.

6Similar observations were reported in other works as well, e.g., [18].
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C. Medium to High SINR Regions

In the previous subsection, we have developed the dis-
tributed power allocation algorithms in low SINR regions. If
the channel is in a good condition, e.g., the relay node is
close to the destination, or the nodes are transmitting at a
high power, the assumption of low SINR will become invalid
and Algorithm II is no longer suitable. Accordingly, we shall
consider in this subsection the scenario in which medium to
high SINR can be observed at the destination nodes.

Before developing our distributed power allocation algo-
rithm, it is worth noting that, by exploiting the logarithm
structure of the achievable rate, several approximation tech-
niques were proposed to facilitate the analysis (see [19]
and references therein). In particular, given a single-user
amplify-and-forward relay network, one of the widely-used
approximation techniques is neglecting the noise term that
appears in the denominator of the SNR expression, i.e.,

lg|*|h[* P, Pr lgI*|n[* P Pr [23]. The approximation
|g]* Ps+|h[> P l91? Ps+[h|2 Pr+No
has been shown to be sufficiently tight, especially in high
SNR regions [23]. In this paper, if the S — R; channel is
in a good condition, the Gaussian noise forwarded by R;
is negligible, compared to the desired signal component, and
thus we can readily approximate the signal received by D; by
removing part of the propagated noise, i.e., hf ;0% nk . After
some mathematical manipulations, the term |hﬁi|2N0Pi,;C is
eliminated, without affecting too much the value of the receive
SINR’, from the denominator in (3) and thus, we obtain the
approximated receive SINR at D; over the k-th subchannel as

N ‘g§1|2|hfz 2Ps 1 Pik

TDik =
(\QEJQPS,/@ + No) Ak

~

, (22)

where A; ) = Z?:L#i \hﬁiPPM + Ny. As a result, the
power allocation problem, for each user ¢, can be formulated
in the same form as (8), except that the receive SINR in (8)
is replaced by (22). Note that the approximated receive SINR
in (22), which is also a upper bound on (3), can be viewed as
the SINR 1in a classic interference channel without the relaying

node [16]. Specifically, by denoting, for k =1,2--- N,

|g§‘,i|2PS,k

__9s,il 7Sk k. 2 . . — .
FE I ey L KL AL L
2,7 k12 .
|hi ;1% otherwise,
we can rewrite the approximated SINR in (22) as
~ |fzk7,‘2P27k
Yik = : (24)

Z?:l,j;ﬁi |fﬁi‘2p'7k + No

By removing the base station from the system illustrated in
Fig. 1, we may view the cellular relay network equivalently
as a virtual ad hoc network which is the same as the classic
model that have been considered in a rich body of literature,
e.g., [16][24]. In the virtual network, the information bits are
originally generated from the relay nodes. Then, assuming that
the channel gain between R; and D; over the k-th subchannel
is given by | fi’fj 2 in (23), the power allocation problem
reduces to the distributed spectral management in a Gaussian
interference channel [16] which has been increasingly popular

7Simulation results are provided in Fig. 8 to validate the approximation.
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recently. It is well known that the optimal power allocation of
user ¢, which treats the the interfering power from the other
users as additive noise, is the water-filling solution [16] given
by

Pl = WFi(p-i)l,,

)
max

pr
1 Z?:l,j;éi [f} il P+ No |

)\i |le?1|2

where | fi’fj|2 is given in (23) and J; is chosen to satisfy the
total power constraint of user ¢, fori =Q and k =1,2--- N.
Based on the approximated SINR in (22), there also exists
at least one NE in the game G which can be easily proved
following the proof of Proposition 1. Moreover, the NE can
be reached by using the distributed algorithm, referred to as
Algorithm III, which is similar to Algorithm I and omitted here
for brevity. The only difference between Algorithm III and Al-
gorithm I is that, in Algorithm III, the power update equation
is given by (25). Clearly, the power allocation strategy based
on (25) is sub-optimal for each user, given the strategy of the
other users. Nevertheless, (25) is easier to compute compared
with (9) and thus, is more applicable in real-time applications,
e.g., video delivery.

Define the matrix

(25)
0

A maxy s
|:Smaxj| é =1,2.--N Ulkl‘Q )
ij 0
)

if i # j,
otherwise,

(26)

where | fl-’fj|2 is given in (23). Then, the convergence of
Algorithm III is guaranteed by the following theorem, which
is obtained by substituting the appropriate parameters into
Theorem 1 in [25], where more sufficient conditions for the
convergence can also be found.

Theorem 4: Algorithm III converges linearly to the unique
NE of G based on the approximated receive SINR in (22),
regardless of the initial points, if the following condition is
satisfied:

[S™% || omat <1,  Vk e {1,2---N} (27)

where the norm || - || so.mat and the matrix ™2 are defined in
(19) and (26), respectively.

D. General Network Topology

In the above analysis, the low SINR and medium to high
SINR regions were discussed separately for the convenience
of presentation. In fact, these two scenarios can also be jointly
considered. Specifically, given a general network topology
wherein some users have good channel conditions (i.e., operat-
ing in medium to high SINR regions) while others experience
poor channels (i.e., operating in low SINR regions), we
propose Algorithm IV which also has a two-loop structure and
is quite similar to Algorithm II. The description of Algorithm
IV is omitted in this paper due to space limitations. In the
inner loop of Algorithm IV, the users operating in low SINR
regions still apply (13) to adjust their powers, while the users
with good channel conditions update their powers following
(25). In the outer loop, the same rule in (21) specifying the
update of t applies to the low SINR users. However, the vector
of t;, if user 7 operates in medium or high SINR regions, is
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Fig. 2. Performance comparison in low SINR regions. d1 2 = 2, § = 0.5,
Q=2 K=2, Pg,i =1, P® =1 and P3™ = 0.7, for ¢ = 1,2 and
k = 1,2. R* is the global optimal average sum rate and R is the average
sum rage achieved by the proposed algorithm.

fixed to be an identity vector, i.e., t; =TI =[1,1---1], since
user ¢ use the un-weighted water-filling algorithm in (25) as
its power allocation. Another difference between Algorithm II
and Algorithm IV is the convergence condition of the inner
loop. In particular, if the conditions in Theorem 2 and Theorem
4 are satisfied for users in low SINR regions and users in
medium or high SINR regions, respectively, then the inner
loop of Algorithm IV converges linearly to a unique fixed
point, regardless of the initial points.

IV. NUMERICAL RESULTS

In the simulations, we adopt the path loss fading model with
Rayleigh fading and the path loss factor is set to be four. For
the convenience of illustration and to limit the number of free
parameters, we normalize the S —R; and R; —D; distances to
one, and assume that the infer-user distance between R; and
Dj, denoted by d; ;, is the same for all 4,5 € 2 and i # j,
as in [25]%. It should be noted that the proposed algorithms
can also be applied to any other network topologies with any
number of subchannels. To reflect the channel conditions, we
denote 7 as an indicator which is defined as the average receive
SINR in one sub-channel at a particular user under the equal
power allocation scheme.

A. Low SINR Regions

We first characterize in Fig. 2 the performance gap in
terms of the average sum rate between Algorithm II and the
global optimum. Since the non-convex sum-rate maximization
problem is “difficult” in the sense that no efficient algorithms
exist to compute the global optimum, we focus on the two-user
two-subchannel case for illustration purposes. In general, NE
is not a Pareto-optimal operating point in the considered non-
cooperative game. However, Algorithm II yields an average
sum rate relatively close to the global optimum under the
condition of mild interferences, as shown in Fig. 2. The

8We choose such a topology only for the convenience of illustration.
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same observation is also made in the conventional one-hop
interference channels, e.g., [19]. Then, we illustrate in Fig. 3
the convergence of Algorithm II and show the average sum
rate achieved by different schemes under different channel
conditions in Fig. 4. By applying the proposed iterative power
allocation algorithm with a moderate level of interference, the
system-wide performance in terms of the average sum rate can
be improved as opposed to the equal power allocation strategy
and the conventional TDMA protocols, even though the users
behave non-cooperatively to maximize their own rates at each
iteration. Fig. 4 also shows that the performance gap between
the best response based Algorithm I and the approximation
based Algorithm II is negligible (especially when users suffer
from poor channel conditions), which justifies the approxi-
mation technique used in low SINR regions. It can be seen
from Fig. 5 that, although the derived analytical sufficient
condition (20) in Theorem 2 is not satisfied, the convergence
of Algorithm II can be observed numerically in almost all
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Fig. 5. Probability of convergence in low SINR regions. Pgi =1, P =1and P =05, fori=1,2---Qand k=1,2---N.

the channel realizations when the users are not located very
close to each other. Furthermore, the probability that (20) is
satisfied is independent of the value of # and the convergence
probability of Algorithm II is almost not affected by the
choice of the memory factor §. Nonetheless, we note that,
as in the case of single-hop Gaussian interference channels
[16], the proposed iterative algorithm may not converge when
the inter-user distance is sufficiently small, or equivalently
the interference level is strong and the system becomes
interference-limited. Next, we show in Fig. 6 the performance
comparison in terms of the average sum rate versus the number
of users in the system. In the conventional TDMA protocol,
the average sum rate is a constant regardless of the number
of users in the system, since the base station always transmits
for a fraction of 1/2 of each frame, i.e., it transmits for a
fraction of 1/2@Q) to each user. In contrast, the average sum
rate increases, when there are more users in the system’, by
spatially reusing the relaying slot and effectively combating
the effects of interferences using Algorithm II. The underlying
reason is that, when the number of users increases, the fraction
of each frame devoted to the relaying slot, i.e., 1/(Q + 1),
becomes smaller and hence, a higher spectral efficiency can be
achieved than that in the TDMA protocol. On the other hand,
by applying the proposed iterative power allocation algorithm,
the effect of interferences due to the relays’ simultaneous
transmissions can then be effectively reduced and thus, the
average sum rate is significantly improved compared to the
equal power allocation algorithm. Moreover, as shown in Fig.
6, Algorithm II only incurs an insignificant performance loss
compared with Algorithm I. Now, using the average number of
iterations required to converge as the metric, we characterize
the convergence time of Algorithm II under different values
of 6. It can be observed from Fig. 7 that the memory factor
0 slows down the convergence speed. However, since the
convergence probability is insensitive to the value of 6, a
smaller value of 6 is desired and in some cases, 6 can even
be set as zero [18], i.e., no memory in the update of t.

B. Medium to High SINR Regions and General Network
Topology

In medium to high SINR regions, similar observations can
be made as those in low SINR regions. However, Algorithm I
and Algorithm III can achieve only a slightly higher rate than

9The number of users in the system cannot be arbitrarily large. Otherwise,
the sum interference becomes intolerable and the average sum rate may even
decrease, as in the case of single-hop interference-limited networks without
interference cancelation.
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k=1,2---8. '

the equal power allocation scheme. This is because the water-
filling algorithm works well only in low SINR regions and the
performance gain in medium to high SINR regions vanishes
[13]. This phenomena can also be explained mathematically by
the fact that 1 =20 = -+ - = 2 = % is a close-to-optimal
solution to the problem maxy Zf\il log(1 + a;x;) subject to
x = 0 and Zﬁl x; = Z, where Z is a sufficiently large
number. Due to space limitations, we only illustrate in this
paper the convergence time of the proposed algorithms and
the performance comparison in terms of the average sum rate
under different channel conditions. Specifically, in Fig. 8, we
show that the proposed Algorithm III based on the sub-optimal
response can achieve almost the same average sum rate as
Algorithm I, which validates the use of the approximated
SINR in (22). In Fig. 7(c), we compare Algorithm I and Algo-
rithm III from the perspective of convergence time. It shows
that, on average, these two algorithms require nearly the same
number of iterations to converge. Therefore, the approximation
in (24) does not result in a significant performance loss or
increase in the convergence time. Finally, Fig. 9 shows that,
given a general network topology wherein users experience
heterogeneous channel conditions, Algorithm IV achieves a
higher average sum rate than equal power allocation algorithm
and the conventional TDMA approach, while incurring only
a slight performance loss compared to Algorithm I.
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Before concluding this section, we note that if the inter-user
distance is sufficiently small, the interference will become a
dominant factor in the receive SINR [5][16][19] and thus, it
will limit the performance of the proposed algorithms. In this
case, the conventional TDMA protocol may outperform the
proposed algorithms at the expense of a higher complexity
in coordinating the relays’ transmissions, which is difficult to
implement in some systems, wherein there are no message
exchanges or coordination possible between users.

V. CONCLUSION

In this paper, we considered the downlink transmission in
a wireless multi-user multi-channel cellular relay network,
wherein the users have no access to the global CSI, and derived
distributed power allocation algorithms using the framework
of game theory. In contrast with conventional relay networks,
simultaneous transmissions from different relays are allowed.
The proposed power allocation algorithms can efficiently
combat the interferences caused at the destination and provide
a significant gain in terms of the average sum rate based solely
on the local information. First, we developed a distributed
algorithm based on the best response which is applicable in
any SINR regions but mathematically involved to compute and

0=0.5,Q =4, N =8, Pgi =1, P =T1and P = 0.5, fori = 1,2
and £k = 1,2---8 (low SINR). Pgi =1, P/"® =100 and P;5** = 50,
for s = 3,4 and k = 1,2---8 (medium to high SINR). % is the average
receive SINR in one sub-channel at user 1 under the equal power allocation
scheme.

analyze. Then, we considered low SINR regions and proposed
an iterative modified water-filling algorithm. Specifically, each
relay updates its power allocation by multiplying the water
level by a factor on the per-subchannel basis. The existence
of NE along with the sufficient condition to reach a NE
was also determined. Next, by focusing on medium to high
SINR regions, we proposed distributed algorithms based on
the sub-optimal response. The algorithm can be equivalently
viewed as the classic Gaussian interference channel model for
which analytical sufficient conditions for the convergence to
the unique NE can be readily obtained. Finally, we extended
the analysis to a general network topology, wherein users with
different channel conditions coexist, and conducted extensive
simulations to verify the analysis.

APPENDIX

Before proving Theorem 3, we first introduce the following
lemma the proof of which was given in [25].

Lemma 1: The modified water-filling solution p;
[Wi(p,i)] in (13) can be expressed as the projection
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of [—insr;(p_;)] onto the simplex S defined as P; in (6)
with respect to the weighted Euclidean norm!® with weights
ti = [tin, tia - tiN], e,

p; = WFi(p_:)] = [~insri(p_)%, (28)

where [—insr;(p_:)|k A _Z?:l,j#ilh;,;|2Pj,k+No’ for k —
1,2---N. " ]

We now give the main properties of the modified water-
filling projection operator in (28) that will be fundamental
to find the sufficient conditions for the convergence of the
inner loop in Algorithm II. For notational convenience, we
rewrite the projection operator, for each utser i, as p; =
(WF;i(p—i)] = [—no,i - Z?:l,j#i Hj’ipj}p,’ where ng ; =
[No/ﬁm, N0/5i72 ce No/ﬂi,N}T, 'Pl and t; aré defined in (6)
and (16), respectively, and

Lt L L

2
Hj,iédiag< R 5-N>' (29)

Furthermore, denote the admissible set of power allocation
strategies of all the users by P = P; X Py - - - X Py, and define,

for each user ¢, the mapping T(p) = (Ti(p)),c, : P — P
as
t;
Q
T; (p) £ | —no,i — Z H;.p; (30)
J=1,#i P

Following the proof of Proposition 1 that ensures the existence
of NE in the game G in low SINR regions, we can easily
show that, given a fix value of t, there exists at least one
equilibrium point in the iteration process of the inner loop
in Algorithm II, which guarantees that the solution set to
the following set of equations is always nonempty: p; =

Ti (p*) = |—ng; — Z;;):Lj#i Hj’ip;i|7?-’ Vie .

In [25], the authors showed that the conventional water-
filling projection operator onto a convex set satisfies the
non-expansive property [31]. Now, we formally extend the
non-expansive property to the case of modified water-filling
projection defined in (28), and summarize it as follows in
Lemma 2, whose proof is omitted here for brevity.

Lemma 2: Given P; in (6) and the weighted El/l-
1/2

i

clidean norm defined as |[x[,, = (va w; |z |?

T is the correspond-
ing weighting vector, we denote [~]|7‘3;”2’t‘
jection operator onto P; with respect to

norm || - [la, and [-]) %"

[ s — < x =y, Yy ERY. W
To establish the sufficient conditions under which the
mapping T defined in (30) is block-contraction, we shall
rigourously prove Proposition 3 in the following.
Proposition 3: If [[S™ s ma < 1, where S™** and
the matrix norm || - |jcomae are defined in (17) and (19),

in which w = [w,ws - wy]

as the pro-
the vector
is non-expansive, i.e.,

10The weighted Euclidean norm with weights w = [w1,ws - --wy] is

‘ 1/2
defined as ||x||2,w = (Zi\r wi\xi|2> [32].
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respectively, then the mapping T defined in (30) is block-
contraction with a modulus § = [|S™*| ; mar, With respect to
the block-maximum norm || - || block defined as

ITE)g proa = max [ Ti(P)ls,z, » (31)

N L\ /2

where ||T:(p)l|2.e, = (S0, til [Ti(P)], 2)

Proof: We need to show ||T(pM) — T(p(Q))H,mblock <
5 - ‘p(l) _ p(2)thlock, Vph p@ eP =P xPy---x
Pg, to prove the contraction property of the mapping T.
Given any p!) = (pgl),pél)-~-p8)) € P and p® =
(pSZ),p52)~-~pg)) € P, we define respectively, for each
user 1, the weighted Euclidean distances between these two
vectors and their projected vectors usinT (30) as e, =

HTi(P(l)) - Ti(P(z))Hz,ti pgl) B p’(?) 2t

Then, we have the set of inequalities (32) shown on the top
of the next page, where the first inequality is due to the non-
expansive property of the modified water-filling projection
operator defined in (28) and H,; is a diagonal matrix given
in (29). From the definition of ¢; ; in (16), we have

and e; =

Q
tik _ |g§,j|2 . Bik . zl:lyl# |h;€,j‘2plﬁk A
Lk |g§,i\2 Bik Zle,u#mg,i‘zpu’“LNo
2 (33)
(AP g S b
a \ |9§z 2 Bik No
k
= p],l )

which is independent of P, forany ¢ =1,2,---Q and k =
1,2--- N. Hence, following the set of inequalities in (32), we
can further derive

Q
Lik
< H,, :
er, _jlz;;i (e ([ jilio tm) e
: (34)
< H,, b s
< 3 sy (B yolo) e
Jj=1,j#1

Define the vectors ey £ [er,,er, - er,]’ and e =
[e1,e2---eq]T, and thus the inequality in (34) can be ex-
pressed in the vector form as 0 < ep < S™#e, where S™#*
is defined in (17). Then, by applying the infinity norm || - || oo,
we obtain the following

ler|l < [IS™ el < [[S™ (35)

oo, mat ||eHoo ?

where || - ||oco,mat. defined in (19), is the matrix norm induced
by the vector norm || - ||. Finally, based on (31) and (35),
the following can be established:

|Te") - T(e®)|

_ (pMy _ (2)
ggg<Hﬂh(P ) —T(p;")

t,block

‘2@

=llexrfloc < [IS™* oo matll€lloo

:Hsmax”oo,mat (1) _p(2)H

(36)

p

¢, block |
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tri ti Q
1 2 1 2
er, = Z Hp | — | -noi- Z H pf” < Z Hpy) — ) H;p)
J=1,j#i P J=1,j#i Pilly ¢ J=1,j#i Jj=1,j#1i 2.;
W _ @ o _ @ Q 2150 p@)]?
S DRG] I ol TR D D oA (NN )
J=1,5#i o4 I=LIF Th =1 \ k=1
S - 1) _ p 2 : - 1 _ p@]?
= D0 Dtk | Hyly, P ‘Pj,k] < > e [Hj.ily, D ti {‘Pj,k_Pj,k}
j=1j#i \ k=1 J=lj#i k=1
¢ 1) 2) ¢
= max H,; H ; H = max H,; €;
Z k={1,2°-N} Hy il Pim 7 Pi |y, Z k={1,2"-N} il !
j=1,j#i j=1,5#1i

(32)

for any p(),p® € P = Py x Py--- x Pq. Therefore, if
[|S™2%| . mar < 1, the mapping T is block-contraction with
the modulus § = ||S™*| 5 mat. [ |
Proposition 1.1 in [31] states that, if a mapping M
X — X is contraction with a modulus x € [0,1) and X
is a closed subset of R™, then the mapping M has a unique
fixed point 2* € X and, furthermore, the update sequence
generated by z(t+1) = M(xz(t)) converges to the fixed point
x* given any initial value z(0). In Proposition 3, we have
shown that, if [|S™®| oo ma < 1 is satisfied, the mapping
T : P — P defined in (30) is block-contraction with a
modulus 0 = ||S™*| .. mat € [0, 1) with respect to the block-
maximum norm defined in (31). Therefore, Theorem 3 is
proved by applying Proposition 1.1 in [31] and Proposition
3.
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