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ABSTRACT variance (MV) receivers of [5] against the CSI mismatches.
Traditional receiver algorithms developed for multipre-i ~ However, the worst-case approach appears to be overly pes-
put multiple-output (MIMO) wireless systems are based on Simistic and, thelrefore, it may lead to unnecessary perfor-
the assumption that the channel state information (CSI) ismance degradation.
precisely known at the receiver. However, in real environ- !N this paper, we propose a class of robust linear multi-
ments the exact CSI may be unavailable. In this paper, weUSer MIMO receivers which are less conservative than the
address the problem of robustness of multi-access spaceWorst-case receivers of [6]. They guarantee the robustness
time block coded (STBC) MIMO systems against imperfect 29ainst CSI errors Wlt.h a certain selected proba}bmty. The
CSI. We propose a class of linear receivers which guaran-éarlier (high-complexity) versions of such receivers have
tee the robustness against CSI errors with a certain selecte Peen reported in [8]. The mathematical formulation of the
probability. The proposed formulations of robust receiver Feceiver design problem is given in terms of probability-
are given by probability-constrained optimization probte constrained stochgstic optimization problem (tr_]e scedall
which can be simplified to convex forms. The latter convex ¢hance programming[9]. We prove the convexity of the

problems can be efficiently solved using standard optimiza- corresponding stochastic optimization problems and deve-
tion methods. lop techniques to solve them, based on the assumption that

the CSI mismatch is Gaussian. They convert the original
stochastic optimization problems into the second-ordeeco
programming (SOCP) problems which can be efficiently
solved using modern convex optimization methods [10].

1. INTRODUCTION

In uplink cellular communications with multiple receive-an
tennas at the base station and transmit antennas at each mo-

bile station, spatial diversity techniques can be empldged 2. BACKGROUND

increase the capacity [1] and improve the immunity to fad-

ing [2], [3]. Among numerous space-time codes developed Let us consider an uplink multiuser MIMO communication
up to date, orthogonal space-time block codes (OSTBCs)System. The transmitters are assumed to have the same
[2], [3] are particularly attractive for practical applieans number of antennas and to encode information-bearing sym-
because they enable a very simple (linear) maximum like- 00Is using the same OSTBCThe received signal is given
lihood (ML) decoding in the point-to-point communication by

case and, at the same time, achieve the full diversity order. !

Unfortunately, in the multi-access MIMO case, the opti- Y= Z XiHi+V @
mal ML receiver becomes prohibitively expensive and, hen- =t
ce, suboptimal linear multiuser receivers have gained re-Where
cently much interest as computationally attractive aliern Y 2 [y7(1) - y" (1"
tives [4], [5]. However, most of known multi-access MIMO a . .
receivers assume the exact knowledge of the channel state X; = [z (1 z; (T
information (CSI) of at least the user of interest. When the vV 2 [vT(1) oT(T)"
exact CSl is unavailable, the performance of these receiver ) ] ) ) _
may degrade severely. are the matrices of the received signals, transmitted gna

Motivated by the latter fact, the problem of robust lin- of the ith transmitter, and white Gaussian noise, respec-

ear multiuser MIMO receiver design has been recently ad-tively; Hi is the N x M complex channel matrix between
dressed in [6], Wher? the worst-case optimization ap.p'_‘c’aCh 1These assumptions are only needed for notational simplioitycan
[7] has been used to improve the robustness of the minimumbe relaxed [5].




theith transmitter and the receivdrjs the number of trans-  preserving a unity gain for this particular entry of, that
mitters; T is the block length; and-)” denotes the trans- s,
pose. Here

rginw{f{wk subjectto a} (Hp)wy, =1 (5)
y(t) = () - yu(?)] )
xi(t) 2 [zia(t) - zin(t)] forallk =1,...,2K, where
v(t) = [or(t) - on(t)]

J
. 1
R=-> YY"
are the complex row vectors of the received signals, trans- J i—1
mitted signals of théth transmitter, and noise, respectively.

We denote the complex information-bearing symbols of P~ = g X :
the ith transmitter prior to space-time encoding gs2 ~ &nce matrixkz = E{Y Y } of the vectorized datdy’; is

[si1 - six]7. It can be readily verified that the matrix theith received data block, arf€l{-} denotes the statistical

X (s;) can be written as [11], [12] expectation.
The solution to (5) is given by [5]

is the sample estimate of tRd/T x 2M T full rank covari-

K
X(si) = Z(CkRe{si,k} + Dilm{s;x})  (2) wy = Alfl R_lak(Hl) (6)
k=1 al(H\)R ay(H;)
whereC), £ X (&), Dy = X (jér), j = vV—1 andé is fork=1,...,2K.
the K x 1 vector having one in théth position and zeros To incorporate the self-interference cancellation featur
elsewhere. Using (2), one can rewrite (1) as [5], [12] into (5), it has been proposed in [5] to use additional zero-

forcing constraintav! a;(H) = 0 for all I # k. These
! constraints guarantee that self-interference is complege
Y= A(H)si+V (3)  jected. With such additional constraints, the problem &) c
i=1 be reformulated as

\;v:ere the “underline” operator for any matd is defined Ir‘}‘i/n tr{WTRW) subjectto AT(H,)W = L,
P {Vec(Re{P})} (7)

vec(Im{P}) (4) wheretr{-} denotes the trace of a matrix. The solution to

(7) can be written in the form of the following MV receiver
vec(-) is the vectorization operator stacking all columns of a [5]

matrix on top of each other, and thé/T" x 2K real matrix

A(H,) is defined as [5], [12] Wuv = R CAH)(AT(H)R AH,)™L. (8)
AH;) £ [CiH;---CgH; D\H; --- DxH|] To improve the performance of (5) and (7) in case of
2 [ay(H;) - agx (H;)). small sample size, it has been additionally proposed in [5]

to applyad hocdiagonal loading, i.e., to use matri® +

Without any loss of generality, we can assume that the first¥Z2ar instead ofR in (6) and (8), where is the diagonal
user is the desired one. The estimate of the data véctar  loading factor.

the output of a linear receiver can be expressed as [5] It can be seen from (5) and (7) that the MV receivers re-
quire the CSI of the user of interest. However, in practice, i
5 =wly is unrealistic to obtain the exact CSI at the receiver. There

fore, the performance of the MV receivers may be subject to

whereW = [w; - - wak]isthe2MT x 2K real matrix of a severe degradation due to CSI imperfections. To improve
the receiver weight coefficients, aing, is the2MT x 1 real the robustness of these receivers against CSI errors, mod-
weight vector that corresponds to decoding ktieentry of ifications of (5) and (7) based on worst-case performance
s1. The problem is to find the matril” that separates the optimization have been proposed in [6], [13]. However, the
signals from different users. worst-case approach may be overly pessimistic because the

The similarity of the vectorized multiple-access MIMO probability of occurrence of the worst-case mismatch may
model (3) and models used in array processing gives an opbe quite low. Therefore, it may lead to unnecessary per-
portunity to design the matri¥¥ using the MV principle. formance degradation. In this paper, we develop another,
In particular, in [5] it has been proposed to estimate eachless conservative approach to robust linear MIMO receivers
entry of s; by minimizing the receiver output power while design which is based on stochastic programming [9].



3. ROBUST LINEAR RECEIVERSBASED ON
STOCHASTIC PROGRAMMING

Letus copsider the CSl error matix; 2 H,; — H; where
H, and H; denote the true channel matrix of tith user

and its estimate, respectively. Using the notations of hode [A,],,.,, ~CN(0,07),

(3), we can write
er(A;) £

ai(H;) — ar(H;) = F,H; — F,H,
FrA;
forallk =1,...,2K, where

o Cn, k=1,....K
=\ Di_k, k=K+1,...,2K.

Note, that the last equality in (9) follows from the linegrit
of underline operator (4).

Let us obtain the receiver coefficient vectoy, for the
kth entry ofs; as the solution of the following probability-
constrained optimization problem

9)

min w%f?wk (10)
W

st. Pr{w! (ap(Hy) +er(A1) > 1} >p (11)

wherep is a certain probability value which should be se-
lected according to the quality of service (QoS) require-
ments, andPr{-} denotes the probability operator whose

Thus, (12) explicitly shows that;(A;) is a linear combi-
nation of the real and imaginary parts of the elements of the
channel mismatch matrid ;. If the elements ofA; are un-
correlated and have circular complex Gaussian distributio

n=1,...N, m=1,....M
then, using (12), we find that; (A;) has multivariate real
Gaussian distribution

U}% T
ek(Ai)NN(OQJWT, ?(I2M ® GGy, ))

whereN (-, -) stands for real Gaussian distribution, and

o-|

Since onlyex(A;) is a random variable in the prod-
uctw? (ar(H;) + er(A;)), and bothwy, andak(I{i) are
deterministic values, the random variahl€ (ay(H;) +
er(A;)) has real Gaussian distribution

Ckv
Im{Dka}v

k=1,... K
k=K4+1,...,2K.

wi (ar(H;) + ex(A;)) ~

T iy O o2
N (wf an(H.), T (T2 @ Gwil?) - (13)

form is assumed to be known. It is important to note that Where|| - | denotes the Euclidian norm of a vector.

the probability boungb in the problem (10)-(11) can be se-
lected from the interva(0, 1) and it determines the amount
of channel mismatch that is allowed at the receiver.

In the formulation (10)-(11), the receiver output power
is minimized, while the distortionless responsektr entry
of s, is kept with a certain probability. Problem (10)-(11) is
called in the optimization literature trehance-constrained
or probability-constrained stochastic programmipigpblem
[9]. The constraint (11) can be also calleah-outage prob-
ability constraint

THEOREM1: If [A;],,. 1 ~ CN(0,0%), whereCN/ (-, -)
stands for complex Gaussian distribution, and (0.5, 1),
then the optimization problem (10)-(11) is convex.

PrROOFE The objective function (10) is a quadratic func-
tion of wy, and R is positive definite. Therefore, (10) is
convex.

Now we prove that the constraint (11) is also convex

Using the standard error function for Gaussian distribu-

tion
2 T
erf(z) = —/ e Ut
VT Jo

the left hand side of the constraint (11) can be written as

) as)

Substituting (15) into (11), after some straightforward-ma
nipulations, we obtain the following constraint

(14)

Pr{w} (ax(H,) + ex(Ay)) > 1} =
1 1 or l—w{ak(ﬁl)
onl(Tzn ® G )wy||

2 2

erf wgak(ﬂl); 1
onl|(Ians ® Gy )wi]|

) >2p—1. (16)

under the assumptions of the theorem. First, we note thatf » > 0-5, then (16) is convex and can be written as

er(A;) depends linearly od\;. Indeed, applying the un-
derline operator (4) to (9) and using well-known properties
of Kronecker product (denoted hereafter@sand vec(-)
operation, we can write that

vec(Re{FrA;})
er(A;) = [vec(lm}FzAj)}

B [Re{IM @ Fy} —Im{Iy @ Fk}} {vec(Re{Ai})] ,

(12)

B Im{IM ® Fk} Re{I]VI ® Fk} Vec(lm{Ai})

wla,(H,) -1

Iy @ GHwgl|| <
onll(Zam @ Gy )wy|| < o1 (2p — 1)

(17)

whereerf () denotes the inverse error function. The con-
straint (17) is called second-order cone (SOC) constraint.
Summarizing, both the objective function and the con-
straint are convex. Therefore, the problem (10)-(11) is con
vex. (]



Although the problem (10)-(11) is convex, it is nonlin- be written as
ear and does not have closed-form solution. However, it can

: Tt 2
be equivalently converted to the following SOCP problem glklf}s wj, Rwy + |6 (27)
min y (18) st. Pr{w (ax(H1) +ex(A1)) > 1} > p,  (28)
W, X T r;
Pr wi, (a;(Hy1) + e (A <&t >p, (29
T (1__’:[ ) 1 - 17 MR ) #
T w, ag 1) —
onll(Taar ® G Jooi] < erf1(2p— 1) (20)  Wwhered = [61,..., Br_1.Gpsr, - 02]T is the (2K —
1) x 1 vector whose values limit the contribution of self-
where interference, and is the standard deviation of the wave-
R=2"z (21)  form of the desired user.

THEOREM2: If [A;],,.m ~ CN(0,0%) andp € (0.5,1),
then the optimization problem (27)-(29) is convex.

PROOE The obijective function (27) is obviously con-
vex. It has been proven earlier in this paper that the con-
straint (28) is convex ifA;],.m ~ CN(0,07) andp €
(0.5,1). Moreover, it has been proven in [8] that the con-
straints (29) are also convex[i\;],, ,,, ~ CN(0,07) and
p € (0.5,1). Therefore, the problem (27)-(29) is convéx.

The problem (27)-(29) can be simplified to SOCP prob-

The expression (22) follows directly from the fact that for Ifem [1_0]’ [14] i?éh(aziollovgr]g W‘Zy' Letus use the Cholesky
the Alamouti code,GT = I. actorization ofR (21) and introduce a new vector

is the Cholesky factorization dR.

Using the standard optimization tools [15], the prob-
lem (18)-(20) can be solved with the complexity order of
O(M3T3) [14].

It is interesting to note that for the Alamouti code [2],
the constraint (20) is equivalent to

erf 1 (2p — op||wi| < whap(Hy) —1. (22)

It is important to establish a connection between the re- ¢ 2 [(Zw)T, 877
ceiver (18)-(20) for the case of the Alamouti code and the
receiver developed in [6] based on the worst-case approachThen, minimizing||¢|| is equivalent to minimizing (27).
The latter receiver can be represented as the following opti The deterministic equivalent form of the constraint (28)

mization problem is given by (17), which is a SOC constraint. However, the
constraints (29) can not be equivalently converted to SOC
mir)l( X (23) constraints. To enable such conversion, we apply the Cheby-
Wk,

Z < 24 shev inequality to the constraint (29). The latter inequali
st | Zwil < x ) (24) states that for any random variatsieand any positive real
ellwg|| < whap(H;p) -1 (25) numberq,

E{¢*}
wheres is a constant which bounds the uncertainty region of P{l¢] = a} < aZ (30)

the CSI mismatch, i.e[|A, || < e. The problem (23)-(25)  since the constraints (29) share the same structure, we fur-
is equivalent to the problem (18)-(20) if (20) is substitite  ther discuss only théth constraint pointing that the same

by (22) and if manipulations can be applied to other constraints. Under
th tion that; (A1) has G ian distribution,
o erf*1(2p 1o (26) h‘;/eassump ion 1(A1) has Gaussian distribution, we
Equation (26) shows the link between the probabgityh- E{|w£(al(ﬁ1) +e(A))) = wkTQl(lﬁh)wk (31)

ich is used in the proposed approach) and the paramefer
the worst-case-based receivers design in the case of Alamwhere
outi code. . . . o2

Inthe problem (10)-(11), the self-interference and multi- ~ Q,(H1) £ a;(H1)a] (H1) + 7}’(12M ® G/G/).
access interference are suppressed by minimizing the-objec
tive function (10). However, the guaranteed self-interfer Applying (30) and (31) to théth constraint of (29), we
ence suppression is very important for the performance ofobtain N
multiuser MIMO receivers. See the discussion in [5]. Moti- otwiQ(Hy)wy, < (1—p)d;. (32)
vated by this, we propose to suppress self-interferende wit  Finally, the constraint (32) can be converted into the fol-
a certain selected probability, similar to the way how the |oying SOC constraint
distortionless response is maintained in the problem (10)-
(11). with such additional constraints, the new problem can o | TF (H ) we | < /(1 —p)d;
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Fig. 1. SER versus SNR; First example. Fig. 2. SER versus SNR; Second example.
whereT(H,)T{ (H,) = Q,(H,). Then, the optimiza- The following receivers are compared in terms of sym-
tion problem (27)-(29) can be relaxed to the following SOCP hol error rates (SERS): the proposed SOCP-based receiver
problem (33)-(36), the worst-case-based receiver (see equati)n (4

) in [6]), and the diagonally loaded MV (DLMV) receiver
wrgs T (33)  with diagonal loading factors = 1002, whereo? is the
st |l <7 (34) noise variance. The probabilityin the proposed robust re-

" R ceivers is set to be equal €99. For the worst-case-based
onll(T2ns © Gf)wkll < wy ap(H,y) -1 (35) receiver,e = 7oy, as suggested in [6]. 300 Monte Carlo

erf 1(2p — 1) runs are used to obtain each point in the simulations.
o ||TT (E )ws | < /(1 - p)dy (36) In our first example, we simulate a scenario with- 2

transmitters. Each transmitter us&s= 2 antennas. The
Alamouti code [2] is applied. Fig. 1 compares aforemen-

Note that the relaxed problem (33)-(36) can be easily tioned receivers in terms of SER versus SNRJoE 35.
solved using standard and highly efficient interior-poigem 1N the second example, a scenario with= 4 trans-
thods, for example, using SeDuMi package [15]. Using the Mitters, where each transmitter is equipped wikh= 3
primal-dual potential reduction method, the problem (33)- antennas, is simulated. The half raté & 4, T' = 8) OS-

(36) can be solved with the complexity ord8(M 373 K3) TBC from [3] is used. Fig. 2 shows the SER performance of
[14]. the aforementioned methods versus SNR whénequal to

130.

Figs. 1 and 2 clearly demonstrate that the proposed ro-
bust receiver consistently enjoy the best performanceras co
pared with other methods tested. Moreover, the proposed
receiver (33)-(36) outperforms the worst-case-basedvarce
especially in low and medium SNRs regions.

I=1,....2K, 1+#k.

4. SIMULATIONS

An uplink cellular communication system with multiple tra-
nsmitters is simulated in this section. Throughout the simu
lations, we assume a single receiver equipped With= 8
antennas. The number of transmitters varies in different
simulation examples. The interfering transmitters use the 5. CONCLUSIONS

same OSTBC as the transmitter of interest. The interfer-

ence-to-noise ratio (INR) is equal to 20 dB and the QPSK A new approach to design robust linear receivers for multi-
modulation scheme is used. The MIMO channel betweenaccess space-time block coded MIMO wireless communi-
the ith transmitter and the receiver is assumed to be quasi-cation systems has been proposed. The receivers designed
static Rayleigh flat fading withH ;},, ., ~ CN(0,1). The based on this approach provide the robustness against CSI
channel mismatcl\ ; is assumed to be independent B errors with a certain selected probability, which can be de-
with [A;].m ~ CN(0,03). We setr7 = 0.1. termined according to a given QoS. Such receivers can be



written in terms of stochastic optimization problems with
probability constraints. Two such problems were formu-

lated and the connection of one of them to the receiver de-
signed based on the worst-case approach [6] has been shown.
Simulation results demonstrate an improved performance of
the proposed robust receiver as compared to other known re-

ceivers in the presence of CSl errors.
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