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Abstract—In this paper a novel antenna subset selection
algorithm is proposed using a distributed approach. It is assumed
that each base station in a group of base stations is linked
to an associated terminal as a receiver-transmitter pair. These
receiver-transmitter pairs reuse channel resources, such that each
mobile terminal represents a source of other-cell interference
(also referred to as multi-user interference or MUI) for other
mobile terminals in neighboring cells that are reusing all or some
of the same channel resources. Accordingly, the base stations
implement a gaming-based algorithm to mitigate MUI for the
multiple-input-multiple-output (MIMO) uplink signals received
from their associated mobile terminals. Simulation results show
that the proposed algorithm has a good performance in terms of
average error probability consisting of a solution concept based
on Nash equilibrium (NE) points.

I. INTRODUCTION

In a scenario where higher and higher spectral efficiency
is necessary, sharing of resources is mandatory. This issue
requires flexible networks and also yields a competitive nature
in modern communication systems.
Multiple transmit and receive antennas (for MIMO trans-

mit/receive processing) can be used to mitigate multi-user
interference (MUI) if they are include some intelligent trans-
mission technique. For instance, the use of directional antennas
and antenna arrays has long been recognized as an effective
technique to reduce MUI [1]. If multiple antennas are also
employed to perform spatial multiplexing (SM), where data
are transmitted over multiple transmit antennas [2], the spectral
efficiency can be further increased.
Different criteria have been used for the antenna subset

selection such as maximizing the channel capacity [3], max-
imizing the post-processing signal-to-noise ratio (SNR) [4]
and maximizing the minimum singular value (MSV) of the
channel matrix [4]. Also, it is possible to perform the an-
tenna subset selection through centralized optimization by
exhaustive search over all possible antenna combinations.
However, an exhaustive search approach might be not feasible
in practical systems due to the high computational complexity
and excessive signaling load. Game theory has also been
adopted to solve many problems in communication systems
by modeling such systems in a distributed way [5], [6], [7],
[8].
As for multi-cell and multi-user communication, multi-cell

optimization for diversity multiple-input-single-output (MISO)

schemes and interference mitigation has been studied in [9],
where a game-theoretic framework is used for a 2-cell scenario
in downlink communication and each base-station (BS) aims at
the maximization of its error probability making use of partial
channel state information (CSI). In addition to this, [10] has
generalized antenna selection algorithms proposed in [11], [12]
for interference limited MIMO wireless environments. In that
work, the antenna selection criterion is the maximization of the
post-processing signal-to-interference-plus-noise ratio (SINR)
at each BS through a non-iterative algorithm. However, [9]
does not consider MIMO configurations and [10] does not
use an iterative algorithm in order to mitigate the inherent
interference. The works [13], [14], [6] have applied game
theory in multi-user MIMO systems. Those works contribute
with a general game-theoretic framework using the iterative
waterfilling (IWF) algorithm [15] to find out optimal precoding
matrices for SM systems. Also, they derive sufficient condition
(e.g., convex precoder set) ensuring existence and uniqueness
of the Nash equilibrium.
Based on those reference works, this paper aims at providing

a game interpretation for a SM system applying antenna subset
selection in an environment with MUI. This work particular-
izes the general framework in [13], [14], [6] for a simpler one
which performs antenna subset selection instead of optimal
precoding, but the presentation of proof of convergence for a
NE is out of the scope of the present work.
The following notation is used throughout this paper. Up-

percase and lowercase boldface denote matrices and vectors,
respectively. The operators E{ · }, ‖ · ‖, D[ · ], | · |, (·)H and
tr(·) stand for expectation, norm operator, decision operator,
modulus, hermitian and trace operator, respectively.
The paper is organized as follows. Section II describes

the system model considered in this work and formulates
the optimization problem. In Section III, we introduce our
criterion and algorithm by solving the optimization problem
via game theory. In Section IV, we report some numerical re-
sults obtained which highlight the outcomes of our algorithm.
Finally, we state our conclusions in Section V.

II. SYSTEM MODEL

Consider a multiuser scenario with K users spread over Q

cells. The reuse factor is equal to 1 and there is no intracell
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interference. On the other hand, there are co-channel transmit-
receiver pairs (links) in uplink communication that share
time and bandwidth resources causing intercell interference.
Therefore, for a given set of resources, there are at most Q

neighboring links, each user equipment (UE) in a cell, that
interfere with each other. Thus, considering the worst case,
the set of neighboring links is defined as Γ = {1, . . . , Q}.
In addition to this, each BS may be connected to a base-
station controller (BSC) through, for example, a high-speed
wired link in order to exchange information. Fig. 1 illustrates
a 2-cell scenario where two items of UE share resources (the
remaining K − 2 users are omitted). For convenience, each
item of UE is simply referred to as a UE.

UEq UEr

BSq BSr

BSC

Fig. 1. Example of a general 2-cell scenario.

The UEq is the q-th source that transmits precoded and
spatially multiplexed symbol vectors xq to the q-th BS (BSq).
The symbol vectors xq are defined as

xq =

√
1

N
Fqsq, ∀q ∈ Γ, (1)

where Fq is theMT ×N precoding matrix and sq is the N×1
vector of SM symbols. The BSq, as the q-th destination, also
receives interfering signals from the other Q− 1 links. Also,
one may assume MT , N and MR as being the number of
available transmit antennas, the number of radio frequency
(RF) chains and the number of receive antennas, respectively.
The sampled symbol vector received by the q-th BS is

yq = Hqqxq +

Q∑
r=1,r �=q

√
grqHrqxr + nq, (2)

where Hqq is the channel matrix between source q and
destination q and nq is the zero-mean circularly symmetric
complex Gaussian (ZMCSCG) noise vector with covariance
matrix NoI. On the right-hand side of Eq. (2), the second
term refers to the MUI caused by the other links and received
by the q-th BS. The fading between each transmit and receive
antenna is assumed to be independent, modeled by ZMCSCG
random variables and quasi-static over a data block of L

symbols. Also, it is assumed that each BS knows the CSI for
its associated UE perfectly. Further, each BS knows the CSI
for the other, interfering UEs. The constant grq is a gain that
depends on the path loss of each interfering signal. Eq. (2)
shows a competitive nature of the process of the received
signal and makes the use of a game formulation appealing.

For each UE, the average transmit power is constant and
given by

E
{‖xq‖2

}
=

1

N
tr

(
FqF

H
q

)
= Pq, ∀q ∈ Γ, (3)

where Pq is the average transmitted power in units of energy
per signaling period. Also, the symbols are assumed to be
uncorrelated, which means that E

{
sqs

H
q

}
= I.

At each receiver, the MUI is treated as additive noise. This
assumption is due to the fact that interference cancellation
algorithms need some information (e.g., CSI) from interfering
users [16] increasing the system signaling load. Hence, the
estimated symbol vector at the q-th BS is defined as ŝq =
D

[
GH

q yq

]
, where Gq represents the minimum mean-square

error (MMSE) stage [17], [13] and it is defined as

Gq = R−1

−qHqqFq

(
I+ FH

q HH
qqR

−1

−qHqqFq

)−1

. (4)

The term R−q corresponds to the interference-plus-noise
covariance matrix estimated by the q-th BS. Also in [17], [13],
this matrix R−q is defined as

R−q � NoI+

Q∑
r=1,r �=q

|gr|HrqFrF
H
r HH

rq

which is clearly a function of the interfering signals. The
subscript −q denotes all the players belonging to Γ except
the q-th player.
Before transmitting, each UE selects a precoding matrix F,

which is related to an antenna subset, Generally, for a given
UE, the selection of F is based on some information fed back
by the BS with which the UE is associated, as illustrated in
Fig. 2.
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Fig. 2. Block diagram of a user equipment.

Consider a codebook W as being the set of all precoding
matrices available for every entity in the system (e.g., for
all UEs). For purposes of antenna subset selection, one may
define each element of W as a MT × N submatrix of an
identity matrix I. That is, the unique non-null entry of each
column of this submatrix selects a transmit antenna. In order
to index the elements of W , assume an index set defined as
I � {1, 2, . . . , (MT

N

)}. Thus, a bijective function f : I ↔ W
maps the elements of I onto the elements of W properly. For
example, for MT = 3 and N = 2:
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W =

⎧⎨
⎩
⎡
⎣1 0
0 1
0 0

⎤
⎦ ,

⎡
⎣1 0
0 0
0 1

⎤
⎦ ,

⎡
⎣0 0
1 0
0 1

⎤
⎦
⎫⎬
⎭ I = {1, 2, 3}

f (1) =

⎡
⎣1 0
0 1
0 0

⎤
⎦ f (2) =

⎡
⎣1 0
0 0
0 1

⎤
⎦ f (3) =

⎡
⎣0 0
1 0
0 1

⎤
⎦

For the sake of simplicity, it may be assumed that every
receiver-transmitter pair has the same configuration, i.e., the
same number of RF chains, and transmit and receiver antennas.
Therefore, each receiver-transmitter pair works with the same
codebook W .
In the following, we will introduce the formulation of our

antenna subset selection game as well as the selection criteria
adopted in this work.

III. ANTENNA SUBSET SELECTION GAME
We propose a precoder matrix selection game which em-

ploys a game theory tool to solve the precoding selection
problem, based on exploiting its interesting feature of solving
optimization problems in a non-centralized way. According to
the game, each BS uses the known (or indirectly estimated)
precoder matrix selections made by the other BSs for their
respective UEs, to estimate the covariance of interference and
noise at the BS for its UE’s uplink signal. Each BS then
uses that covariance estimate to determine the precoder matrix
selection that optimizes in some sense the reception of its UE’s
uplink signal.
From the system model in Eq. (2), the SINR in the k-th data

stream after the MMSE stage at the q-th BS is given by [13]
as

SINRk,q =
1[(

I+ FH
q HH

qqR
−1

−qHqqFq

)−1
]

k,k

− 1. (5)

From Eq. (5), one can see that there exist conflict of interests
among the players, since R−q is a function of the precoding
matrices chosen by the interfering users. Thus, R−q is the
information that the q-th player has to realize at each game
iteration. Hence, one may advantageously define the utility
function of the q-th player as follows below:

uq(Fq,F−q) = min
k
SINRk,q, ∀k ∈ N , ∀q ∈ Γ, (6)

where N � {1, . . . , N} is the set of symbol streams. The
motivation for maximizing the minimum SINR comes from the
intuition that the performance of the receiver should improve
as the smallest value of the SINR increases [4]. Here, the
“smallest” SINR value is the minimum per-stream SINR, for
the multi-stream MIMO uplink between a given one of the
BS’s playing the game, and its associated UE. We are focusing
on the configuration of the selection of the precoder for a block
of resources and not for the full bandwidth.

A. Game Formulation
We consider each neighboring link as a rational decision-

maker, i.e., a player in the game. From the game standpoint,
each player contends for the maximization of its own SINR. In

practice, each player’s strategy is to select one of the precoding
matrices in W after determining or otherwise obtaining the
information R−q in a game iteration.
Let G1 be the non-cooperative and nonzero-sum game.

Stated in mathematical terms, G1 has the following structure:

(G1) :

{
maximize

Fq

uq(Fq,F−q)

subject to Fq ∈ W ,
∀q ∈ Γ (7)

where W is the codebook known by all the players.
We define the solution of the game G1 as being a NE point.

This kind of equilibrium is established if each player has
chosen an action and no one can benefit by changing its action
unilaterally while the other ones keep theirs unmodified [18].
Therefore, an action tuple {F�

q,F
�
−q} is a NE if

uq(F
�
q ,F

�
−q) ≥ uq(Fq,F

�
−q), ∀Fq ∈ W , ∀q ∈ Γ. (8)

The superscript � denotes that the underlying precoder leads to
a NE. The structure above is a convenient form for represent-
ing a NE [18]. Thus far, sufficient conditions for the existence
of a NE has not been identified. From [18], [6], [19], some
standard results from fixed-point theory and contraction maps
are used to state this conditions. One requires a nonempty,
convex and compact codebook W to guarantee the existence
of at least one NE. However, the codebook design adopted
in a real-world communication system does not necessarily
satisfy such requirements. Hence, another antenna selection
algorithm, the maximum minimum singular value (MMSV)
algorithm proposed in [4], is made available is cases where
equilibrium is not reached (e.g., within an allowed number of
game iterations).

B. GRASS Algorithm
The process of reaching an equilibrium point is an important

issue and it is usually described by a distributive algorithm.
Thus, this work defines a (distributed) algorithm for antenna
subset selection referred to as the Game-theoRetic Antenna
Subset Selection (GRASS) algorithm. The GRASS algorithm
is performed at each BS with no coordination among the UEs.

TABLE I
SUMMARY OF THE GRASS ALGORITHM.

Initial: estimation step at each BS

Iterations:
BSs exchange information

BSs tries to reach the NE point
G1 is played until all users converge

End: BSs sends the index i� back to their users

The algorithm may be summarized (Table I) as: (1) Per-
forming an initial step of channel estimation at BS; and,
(2) in each of a bounded number of iterations, the BS (via
the BSC) exchange information about the precoder matrix
selection made for their respective UEs, with each BS trying
to reach the NE point, and with game play continuing until all
BSs converge (or until a limit number of iterations is reached).
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A loop counter controls the game iterations and it is upper-
bounded by the a constant defined as λ =

[(
MT

N

)]Q

. In fact,
the value of λ equals the number of all possible action tuples.
Therefore, the MMSV algorithm is triggered if and only if
no point of equilibrium is found in λ iterations. The finalized
precoding matrix selection (represented by its index i�) arrived
at by each BS is sent to the UE associated with that BS.

IV. SIMULATION RESULTS
We evaluate the bit error rate (BER) averaged over at

least 106 channel realizations via Monte Carlo simulations. A
binary phase shift keying (BPSK) modulation is used as well
as a data block length L = 102 symbols in each transmission
setup. Also, channel realizations are independent identically
distributed (i.i.d) from block to block. Here, the structure
(MT , N) × MR means that the system selects N transmit
antennas out of MT and receives the transmitted signal with
MR antennas.
The analysis considers a scenario with only two users, i.e.,

2 UEs, with varying signal-to-interference ratio (SIR) values
observed at each BS. The UEs are positioned such that each
BS observes the same SIR. Thus, it is enough to illustrate only
the average bit error rate (BER) curves. The algorithms used
as reference cases are the MMSV, and the exhaustive search,
which is used as a performance bound. In view of showing
the diversity gain due to the antenna selection process, some
curves of SM MIMO scheme with no antenna selection are
shown.
In Fig. 3, the GRASS algorithm has a performance loss

compared to the lower bound represented by the (computation-
ally expensive) exhaustive search. It is worth noting that the
lower bound curve is drawn from a centralized algorithm that
yields an optimal performance, whereas the GRASS algorithm
is suboptimal. However, the GRASS algorithm provides for
a decentralized approach, which offers significant advantages
when used in a wireless communication. Besides that signif-
icant advantage, the performance of the GRASS algorithm is
significantly close to the optimal. For a BER target equal to
10−2, the penalty is approximately 1.3 dB.

0 2 4 6 8 10 12 14
10−4

10−3

10−2

10−1

100

(3,2)x3 GRASS
(3,2)x3 Exhaustive Search

SNR [dB]

B
ER

2-cell scenario, SIR = 5 dB

Fig. 3. Bit Error Rate - (3, 2) × 3 System.

In Fig. 4, one sees that the proposed game approach—the
use of GRASS—achieves a lower BER floor compared
to MMSV. This performance advantage arises because the
GRASS algorithm inherently mitigates MUI.

0 5 10 15 20 25 30
10−4

10−3

10−2

10−1

100

2x3 SM w/o ant.selection
(3,2)x3 MMSV
(3,2)x3 GRASS

SNR [dB]

B
ER

2-cell scenario, SIR = 5 dB

Fig. 4. Bit Error Rate - (3, 2) × 3 System.

On that point, as MUI decreases, the conflict aspect of the
game is diminished. That is, there is no significant mutual
interference between the links in high SIR regimes. Therefore,
the game solution approaches the reference single user case
in [4]. This behavior can be seen in Figs. 5 and 6. In the
former, the obtained performance gain is lower compared to
Fig. 4, whereas in the latter the GRASS curve has almost no
gain compared to the MMSV curve.

0 5 10 15 20

10−4

10−3

10−2

10−1

100

2x3 SM w/o ant.selection
(3,2)x3 MMSV
(3,2)x3 GRASS

SNR [dB]

B
ER

2-cell scenario, SIR = 10 dB

Fig. 5. Bit Error Rate - (3, 2) × 3 System.

In Fig. 7, the NE probability decreases as the mutual MUI
increases and becomes dominant compared to the noise factor
in the denominator of Eq. (5). Consequently, the number of
game iterations increases since the lack of NE implies the use
of the fall-back algorithm MMSV.

V. CONCLUSIONS AND PERSPECTIVES
Spatial multiplexing schemes are broadly used in mod-

ern communication systems since they provide capacity gain
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Fig. 6. Bit Error Rate - (3, 2) × 3 System.
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Fig. 7. Probability of the existence of a Nash Equilibrium.

through the employment of multiple antennas. In such systems,
the cost of using several RF chains is high. Therefore, antenna
subset selection algorithms emerge as a feasible way to
decrease this cost.
In this work, a criterion for antenna selection was pro-

posed based on a game theoretical approach that considers a
competitive multi-user environment. The proposed algorithm
maximizes the minimum per-stream SINR and Monte Carlo
simulations show that there is a significant gain compared to
the criteria that does not consider MUI in terms of BER. Such
gain increases when MUI increases until certain level in which
the interference can be mitigated by the MMSE receiver filter.
The GRASS algorithm can therefore be useful to improve
the performance of MIMO schemes providing a number of
significant performance and implementation advantages, for
many real-world operating scenarions.
Future work includes the analysis of the system performance

with the use of new codebook designs, for the purpose of
ensuring the existence of NE, and extension of our crite-
rion to Hybrid MIMO Transceivers which take advantage of
the fundamental trade-off between diversity and multiplexing
gains [20], [21].
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