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E-mail: [xinruo.zhang,reza.nakhai,k1206546]@kcl.&c.u

Abstract—This paper addresses the problem of maximizing the unexpected results in practice. On the other hand, aciuisit
weighted signal-to-interference-plus-noise-ratio (SINR) targes at  of perfect CSl is essential for BSs to design effective dawknl
user terminals in a distributed manner in multicell interference coordinated beamforming. Nevertheless, the QoS control in

networks. The optimization is constrained to strict individual th i twork is limited by the ch | gt
base station (BS) transmit power limitations in the presence € mufliuser network 1s limited Dy the channel uncertasi

of imperfect channel state information (CSI). This problem is [6] since it may corrupt the CSI at BSs and may lead to
numerically intractable due to the coupling effect among a unexpected results in practical system. In general, the CSI
cluster of BSs operating under the same frequency bandwidth perturbations are modeled in two ways: bounded model for
and robust constraints that involve the imperfect CSI. We first quantization errors [7]-[9] and probabilistic model foracimel

convert the original problem into a dual total transmit power - . . . )
minimization problem subject to a set of robust SINR constraints estimation errors [10]-[12]. The authors in [9] investigat

in the centralized worst-case scenario. Then the resulting global the robust worst-case QoS optimization problem in multicel
optimization problem is decomposed into a set of independent network under the assumption of hyper-sphere bounded CSI
subproblems at individual BSs. Finally, a multi-arm bandit based grrors. They, nevertheless, take no account of individual B
algorithm is proposed to optimally scale the SINR targets in & q\yar hydgets. Assuming Gaussian distributed CSI errar-in i

distributed manner based on individual BS power budgets, and tant h | 1111 studi t traibest
coordinate intercell interference among the BSs with a light inter- stantaneous channel, [11] studies an outage constrai ro

BS communication overhead. Simulation results demonstrate the transmission design via the Bernstein-type inequalityhoet
advantage of the proposed scheme in terms of providing larger for single cell scenario. Another decentralized approach t
SINR operation range and robustness to the CSI uncertainties. robust power minimization problem is proposed in [12], véher
a SINR outage threshold is assigned to the QoS constraints.
Nevertheless, with a predefined SINR outage probability, th
Intercell interference (ICl) is recognized as a fundamlentgroblem may be infeasible for high target SINR in practice.
limiting factor to the system performance for future wisde  This paper introduces a robust approach for maximizing
network that is operated under a shared frequency battie weighted target SINR values at UTs, subject to strict
Recently, interference coordination [1], where base atati individual BS transmit power limitations in a decentratize
(BSs) only coordinate at beamforming level for transmissiananner. This optimization problem is numerically intrddta
strategies, has shown its advantages in ICl mitigation adde to the coupling effect among BSs operating under unit
inter-BS communications overhead reduction, especially ffrequency bandwidth as well as the fact that the robust SINR
user terminals (UTs) at cell boundaries [2]. Although theonstraints that involve the bounded CSI errors have to be
interference coordination significantly relaxes the backh satisfied in the intersection of infinite number of convex
link capacity through avoiding UTs’ data circulation, iillst sets. Hence, we first reformulate the original problem in
inflicts a considerable system overhead due to its need t@m equivalent centralized sum-power minimization problem
strict coordinated scheduling to secure the quality of iserv subject to worst-case SINR constraints and transform the
(QoS) for cell-edge UTs. Therefore, decentralized interfeintractable problem into a numerically tractable one via th
ence coordination, where only some key intercell coupling-Lemma and semidefinite relaxation (SDR) [13]. Then, the
parameters are shared among BSs iteratively via inter-B&ilticell-wise general problem is decomposed into a set of
communications so that the individual BSs can optimizequivalent parallel subproblems at individual BSs. Finadl
their transmission strategies independently and globatg multi-arm bandit based algorithm is proposed to optimally
attracted the attention of researchers [3], [4]. Assumigidget scale the SINR targets in a distributed manner with a light
knowledge of channel state information (CSI), the authors inter-BS communications overhead based on individual BS
[4] propose a distributed iterative subgradient algoritfon power budgets to achieve global optimality across the iraal
QoS and Max-min SINR beamforming design in multicashulticells. Simulation results confirm the advantage of the
multicell networks. Also, [5] introduces an outage-coasted proposed strategy in terms of providing larger SINR opersati
distributed beamforming design under individual power-comange and robustness against the CSI uncertainties.
straints with a limited amount of information exchange amon The rest of this paper is organized as follows. Section I
BSs. Nevertheless, the authors take no consideration of amyoduces the system model and problem formulation. In
channel uncertainties, which is unrealistic and may lead 8ection Ill, the original problem is first reformulated in an

I. INTRODUCTION



equivalent centralized dual problem. Then, a multi-armditan egkCijkeT;jk, <1, Vi, 5, k, (3¢)
based algorithm is proposed for decoupling the problemanto ]
distributed manner, followed by the signalling overheaadio Wherevix is the requested target SINR by LT P represents

analysis. Simulation results are presented and analyzed!1f transmit power limit at B3, andc; indicates the percent-
Section IV, Finally, Section V summarizes the paper. age coefficient of the desired SINR targets that can be satisfi

Notations:w, w, W, (.)¥, E(.) and t(.) present a scalar at UTs. As the problem in (3) is numerically intractable, we

w, a vectorw, a matrixW, the complex conjugate transpos@€9in by introducing an alternative sum-power minimizatio
operators, the expectation value and trace operatorsegespproblem at individual BSs, as

tively. W = 0 andW = 0 denote thaW is a positive definite K

and semidefinite matrix, respectively}, . . indicates themnn- min filwin) = Z [ ||? (4)
th element of matrix. The notatiof®*™, C**™ andH"*™ Wik, Vk =1

are used for the sets of-by-m dimensional real matrices, S.t. SINR > ¢ivik,

complex matrices and complex Hermitian matrices, respec- egkcijkeijk <1, Vk.

tively. CN(.) represents complex Gaussian random variables.
Let {w,} be the optimal beamforming vectors for tté
UTs in BS. Also, let f; = Y& |wz|” represent the
Consider a multicell downlink network with a cluster Ofoptima| Objective value for the sum-power atZB'B prob|em
N, cells over a shared bandwidth. Each cell consists of o(®). According to KarushKuhnTucker condition, the optimal
BS equipped with)V; antennas, transmitting to its oOWR'  peamformers{w?,}, calculated by (3) for any fixed positive
single-antenna UTs. Let BSi € {1,..,N.} and UTy, real numbere;, satisfy the per BS power constraint in (3b)
k € {1,..,K}, respectively, represent theth BS and the jth equality of P, = 31, ||w%.||°. In the sequel, we relate

k-th UT in cell i. Also let s;, represent the data sym-the optimal solutions of the problems in (3) and (4) within
bol for UTik;, W, € (CNtXl denote the associated beamany cells through the fo"owing Lemma.

forming vector andh;;;, € CY*! be the channel vector i ) .

from BS, to UT;;. Then the signal received by YT can Lgr&ma 1 59|V'rl‘g(é’f) with (3b|) uppel;v'bounded ?Pi :t.fi I
K .

b xresed 55 bt 3 W - 85 0ol ot e of reoves e o

S Sy W Wi + ni, Where the terms in the right

hand side represent the desired signal, the total int“a_cré?n-decreasmg and continuous functionscofnd P

interference, the aggregate ICI and the zero-mean citgulaProof. See [4]. O
symmetric complex Gaussian (ZMCSCG) noise with variance ) ) ) )
o2 at UTy, i.e., nix ~ CN(0,02,), respectively. Let,; € There_fore, the .optlmal solutlop to (3) can be optalned via
CNex1 ande;;, € CVX1, respectively, denote the estimate@!ternatlvely solving (4) for a giver; and searching over
channel vector and the corresponding CSI perturbatiorovectdifferentc;.
Then, the true channel vecthy;;, can be modeled as
hije = hiji +eije Vi gk, @ In this section, we start by introducing a centralized for-
where CSlI errors are assumed to be bounded within an elliptitilation of the sum-power optimization problem in (4) for
uncertainty region, i.eegkcijkeijk <1andCyj; = 0 speci- a givenc; to account for the coupling effects among the
fies the shape and size of the ellipsoid. Assunfifig;|?) = 1, Multicells. Introducing slack variableg;;.}; ; , € R, (4) can

Il. SYSTEM MODEL AND PROBLEM FORMULATION

[1l. DISTRIBUTED OPTIMIZATION OF PROBLEM (3)

the SINR at UT;, can be formulated as be generalized as
_ Ihff, wir|* . Yo & 2
SINR;, = e N, K (2 wgu\fg i Z Z |wig ||
Y hfiwinl + >0 hiwiml + ok T Y
7k jFim=1 | (fliik + eiik) Wik|?
Let us consider the robust problem of maximizing the st — o N,
weighted SINR targets at UTs in a multicell network subject Z | (flnk + e“_k) Win|? + Zpuk +ol
to a set of strict upper limits on the transmit power constsi vy 1
at individual BSs in the presence of CSlI errors, as > covin, Vi k,
max c (5a)
Ci,Wik,Vi,k (3 ) K H
SINR; a > ( ) 2
sit. Rix > ¢, Vi, k, Dijk = zzl | hz]k + €k Wzml , (5b)
Yik m=
K Vi, j # ik,
2 .
wil|” < P, Vi, (3b) .
,; v e;i.Cijrein < 1,Vi, j, k, (5¢)



wherep;;;, indicates the ICI from BSto UT;;,. Let the rank- constraints, as
one positive semidefinite matrix be definedWs, = wikwin,

N. K
the constraints in (5a) and (5b) can be rewritten as min Z Z
W, >=0,Vik 1 e
H Ne /iikciik + @ Pihi
r P . s.t. A =0
(hiik + eiik) D (hiik + eiik) > me + 05, Vi k (®ihi)? g fva |

7 (6) Wik = 07 \V/Za k7

pijkCijr — Wijr  —Wichi -0
- H A o SR Y AR el
Dijk > (hijk + eijk) Wik (hijk +eijk> Vi, j # iy k, (= Wijrhij Hijk T Vijk
%) pijk = 0, Vi, j # ik,
K (11)
where &, = (civk) Wi — > Wiy, and ;5 = where the set of auxiliary parameters, > 0 and ;. > 0
n#k appear as a result of the application of Lemma 2. The problem

Zm 1 Wi,,. Hence, the problem (5) can be reformulated aa (11) is convex now and can be optimally solved in a
centralized fashion.
In the sequel, the problem in (11) wil be

. 2 decomposed via primal decomposition.  Defining
min tr (Wi 8
Wik =0,Vi,k ;; (W) ® p € RWeWe=DEK)xX1 75 a real-valued vector that
st (6) and (7) contains the global intercell coupling variables, i.e.,
chukeijkél, Vi, j, k p = [p121,10122,-~ P12K ;s -3 PNc115 -1 pNN—lK]T Then,
rank(Wi,) = 1. we use direction vectord;;, andd,;; € {0, 1}Ne(NemDFIx1

to extractzl £, puir. and p;;. from global intercell coupling

variablep, respectwely, as
The set of non-convex rank-one constraints in problem (8) ca

be relaxed via SDR approach. However, it is still numencall Z _ar vk
intractable as the remaining robust constraints that uev/alSI o prik = QP ’ (12)
errors have to be satisfied in the intersection of infinite bem 7 a7 L,

Pijk = dij]gpa Vi # i, k.

of convex sets. Thus, following the similar principles a$dh

we overcome the intractability via following lemma. Consequently, for any givep, we can decompose the problem
in (11) into N. sub-problems at any B§ as

Lemma 2. (S-Procedure [13]) The implicatiore™® A e +

2R(ble) +d; <0 = e Aze+2R(ble) +dy <0, where min Ztr
A, e HVNe*Nt b e CVt, d; € R ande € CN+*1, holds if Wi -0,Vk Wik, p)
and only if there exists @ > 0 such that
, 0 0
! 0 dukp (13)
As by < A, by , 0 0
bgj d2 - b{l d1 ’ Fi]k =F,; ijk + |: 0 dz]kp :| t 07
V\ﬁa fi.rst]c expan%the cgnstraints in (8)Iin their equivalent ik >0, pijr >0, Vk,j # i,
quadratic forms ok;;;, ande;;;, respectively, as where
H / ,uzkcnk + (I’zk' zkhmk :|
H Ciinein —1 < i ;
e“kHCJ“ke“k - 0 A:> H H N (9) F |: ( zkhzzk) h“kq)zkhuk - U — ik
—e;ipPireiin — (Pirhiin)” € — €55, Pirhiin —vip, <0
ol Cirern—1<0 = (10) Fl, = 1ijk Cijr. — Wi, ) —‘I’ij]fhijk
AN “ (=@inhie)” —h[ @ h — g |

el Wiikeijr + (Wiehie) ein + el @ijnhijn — /i .
<0Vi,j+ik and the functionf;(Wy,p) £ 3, tr(Wy) in (13) ex-

plicitly shows the dependence ¢f on p. Since the optimal

solution w, is obtained as a function ob, we introduce

where v;y, = flgkq)ikﬁiik - Zg;pzm — o2 and vy, = an algorithm to iteratively coordinatgs and w;, Vi, k, at
h”k\Il”khiijrp,;jk. Therefore, applying the Lemma 2 to (9)their globally optimal settings op* and w},, respectively,

and (10), we can rewrite the optimization problem in (8) intto minimize the total power consumption in the multicell
semidefinite programming form with linear matrix inequalit network. We start by forming the Lagrangian of the primal



K

sub-problem in (13), ag; = Ztr (W) thr (NikEix) —
k=1 k=1

=

given value ofc;, each BS individually solves its subproblem
(13), obtains its subgradient vectgy and shares it with other

N. K BSs via an inter-BS communications phase. Then, each BS
ZZU(AZ‘J"CFM) — Birttix — Bijriijr, Where Xy, Ay, € @ locally calculates the global subgradietas per (17) and
o k=1 updates the global coupling vectpraccording to the projected
HWeADX(NetD) - 3, - B, > 0 are the Lagrange multipliers. subgradient method, as follows,

Due to the convexity of (13), strong duality holds [13] and th

T
dual function is given by plt*t = max [ 0,pl! — _ogl , (18)
p t]|gt|
] . o . T
b Wnklfto Li= <; il v v ) ik where the superscript denotes the iteration index of inner

problem (13) andv represents the step size. Then, eachiBS

Je K T (14) adjustsc; and scales its target SINR according to the calculated
_ZZ[AU’C](MH)(MH) diji | P solution of transmit power. The steps are summarized in
g7 k=1 Algorithm 1. The Algorithm 1 is guaranteed to converge
+5; ({/\ikaﬁik}ka{Aijkaﬂijk}j¢i7k)a to the optimal solution of (13) provided a proper selection
of step sizea. If rank of the obtained solutions foW
_ ) K K , are greater than one, the algorithm converges to suboptimal
where =; = wif 2 (Wir) = D tr(MaBi) —  soutions by approximating the feasible beamforming vecto
N, K k= k=1 via the standard Gaussian randomization method [4]. Horveve
Zztr()‘iij;jk)' Definingg; € RMX(Ne(Ne=DK) ag since the BSs individually searches for their ownwithout
por i considering other BSs, the obtained may not be global
K optimum. Consequently, this paper considers searchinthéor
g = Z[ .1 dr (15) global optimalc; as a multi-armed bandit (MAB) problem
’ P hl(Ne+1)(Ne+1) ik and proposes a learning based upper confidence bound (UCB)
a N. K algorithm in the sequel to search for the optimakcross all
_ Z Z [\ ] ar, BSs in a decentralized fashion.
k(N +1) (N +1) ~ 1k
ik A. UCB Algorithm for finding the globally optimat
then we can write The MAB problem is formulated as a system &f arms,
fF(Wh.p) = fi(p) =4 (p) (16) each being associated with i.i.d. stochastic rewards. The o
o =. N x  ox jective is to maximize the accumulated reward by alterna-
=8P+ = <{/\ik’ Bk {)\“k’ﬁ”k}#i’k) ' tively acquiring new knowledge, known as exploration, whil
It can be easily concluded from (16) that for any giignthe simultaneously optimizing the decisions based on existing
following inequality holds partial knowledge, known as exploitation, in multiple rosn
. _ . o . . [14]. This paper extracts an abstract idea of MAB problem,
t;(p) =gip+5i ({)‘ik’ﬂik}k J {Aijk’ﬁijk}j;éi,k) where playing an arm at each round is equivalent to running

. - P * % * * Algorithm 1, i.e., Exploration for finding reward of the-th
=&(P—p)Tep+E ({/\j’k’ﬂi’k}’“ ’ {A”k’ﬁ”k}#ivk’) BS to estimate the reward for a BS at theth round. In the
<gi(p—p) + 4 (p). sequel, we introduce the UCB Algorithm, i.e., Algorithm @, t

Hence, g; is the subgradient vector of*(p) and f(p). search for the_global optima} at thei-th B.S. Due_ tp the fact

Following a similar sequence of analysis as for the sufflat the coupling effect among all BSs is negligible for low

problem in (13), one can easily verify that the subgradiént ¢'NR targets, each BS individually searching for their awn
N, barely induces interference to other BSs. Thus, the Algorit

the general problem in (11), i.ez 15 (p), at a given value 2 firstly executes coarse tuning to adjustrapidly so that

i=1 the actual transmit power at each BS lies within the range
of p, denoted byg € R!*(Ne(Ne=DK) is calculated as of minus 30 per cent of the per-BS power limitation. Then,
N. K by adopting fine tuning, the BSs alternatively adjust thgir
g= DO Mdvanwisn i on the basis of their rewards and interactions. RréBS")
i=1 k=1 andR(BSE”]), respectively, be defined as the estimated mean

Ne reward and adjusted reward for tixh BS at then-th round. In

N
- Z Z [N (Ne+1)(Ny+1) i) = Zgi- (17)  then-th round of fine tuning, each BS calculates the estimated
g#i k=1 =1 mean reward as per Algorithm 1 and the adjusted reward as
To achieve minimization of total transmit power across thger Algorithm 2. Then, in thén + 1)-th round, only the BSs
multiple cells while optimally account for the coupling ént with the highest adjusted reward will run the Algorithm 1 to
cell effects in a distributed manner, we proceed as folldws search for a new;, while other BSs will maintain the same



¢; as in the previous round. Note th

3Inn
o™

in Algorithm

The resulting inter-BS communication overhead per iterati

2 reflects the fundamental tradeoff between the exploratié all BSs is O(NZK(N. — 1)). However, for the full
that examines the unknown rewards and the exploitation tfe®! design in [15], the information exchange at each BS is
chooses the good rewards so far, whefé denotes the total O(N.K(N. — 1)) of Ny x 1 complex-valued CSI vectors.
number of times the Algorithm 1 has been runned atittie 1N total signaling overhead is thed(4N; NZK (N — 1)).

BS in then-th round. By adjusting the value ¢f"" andc™, DM _
one can control the overall system performance conveyienﬂ’ther BSs with itsV. K real-valued local ICI variables at each

Algorithm 1 Exploration for finding reward of thé-th BS

Interestly, ADMM approach in [9] requires each BS to inform

iteration, resulting in a same per iteration backhaul digga
load of O(N2K (N, — 1)) . Thus, the proposed strategy that
exchanges only key intercell coupling parameters consumes

CInitialive - £ K(No(N.—1)+1)x1. - : -
" Ir[17|lt]|al|ze[;mi]_ O'[rf >(<10) € RICN i lighter inter-BS communication overhead as compared th [15
2 ¢ = (™ + ") /2;
3: while the inner problem in (13) is not convergdod IV. SIMULATION RESULTS
: igll\éilgg)t’he local subgradiest using (15); We consider a cluster of 3 neighbouring cells, each
6: Exchanaee. with the otger BSQS' 9 ' cell consists of one BS equipped with 8 antennas. 2 UTs
7: ot th%egllobal subaradient L ZNC . are randomly dropped in the vicinity of the boundaries in
8: Undate thg lobal vagriabl ac%i)_rdini:tlog(liS)' each cell to account for the worst coupling effect amongst
' P g'o . P g. ' BSs induced by ICI. Similar to [15], a correlated channel
9:  Increment the iteration number=t + 1, del is ad dab.. — RY2h. Vi ik whereh
10: end Wh||e moael Is a Op'[e a igk = ijk W 2,7, R, wnere h,, ~

[ S S S
w N P

3 ]Si[n] = [} = S (W),

: Calculate estimated mean rewaRiBS™)) = p, — PI");
- if R(BS") > 0;

: then (!

[n].

min] _

CN(0,1) € CN*! and R;j;, € CN*Mt is the channel
covariance matrix. Thém, n)-th element ofR;;;, is given by

278 [(y— 0.1 —2[m% (1 _m)cosB i ]?
[Riji]omn = € Fo(n=m)sindiju) =2[23= (n=m)eostise]” 4y ¢

[1, V¢], whered is the antenna spacing, denotes the wave-

14 : : : :

4 C; ' length of the carrierd,;; is the estimated angle of departure
15: elsedm™ = ([, . J -
16: end iF i ando = 2° is the angular offset standard deviation. In order

Algorithm 2 UCB Algorithm for finding global optimalt;

1

Initialize : n = 0, R(BS™) = R(BS™) = 0, nmax, 4™,
[max].

c; ;

Coarse tuning Run Algorithm 1 untilﬁi["] € [0.7xP; P;];

Fine tuning: While n < nmax do

n=n+1;

Calculate the adjusted rewa®(BS") = R(BS") +

3inn_.
2T,Z["n,] )

to count for the path loss, fading and shadowing, we als@scal
the channel vectdh;;;, and the corresponding error vectgr,

by GaLijka%e*“’%, whereG, = 15 dBi denotes
the antenna gainl;;;, = 128.1 4 37.6log;,(¢),¢ in km is

the path loss between B&nd UTj, 0% denotes the variance
of the complex Gaussian fading coefficient and= 10 dB
represents the standard deviation of the log-normal shiagow
Equal noise variance?, = —127 dBm and SINR targets
~:1. are used for all UTs and same transmit power restriction
P; = 30 dBm is applied to all the BSs. We further assume
that the CSlI errors are spherically bounded, (&, = 1/721,
with uncertainty radius of. = +/0.05 for simplicity. We set

. 5 (R wi .
j BSi; 2(((:; ;Q%eza;;:is[%]\)ngo;hﬁ E;S;Z d" =1 and™ = 0 in Aigorithm 2 to optimize the trade-
8: then Ruzn Alaorithmjl" @ off between power constraints at individual BSs and desired
: [n+1] [n] T . ~ SINR targets at UTs with minimum SINR outage. Simulation
o elsec?. =¢; and run line 3-11 of Algorithm 1. results are obtained and averaged via CVX [16].
12 r?’cﬂr\:h”{iv L ande Fig. 1 presents the performance comparison of total transmi
. ik ik %

B. Backhaul Signaling Load Analysis
In this section, the backhaul signaling overhead per itmat ized non-robust beamforming scheme, the centralized tobus

power for the proposed transmission strategy against other
schemes, under strict per-BS transmit power limitation @f 3
dBm. The comparative schemes are, respectively, the con-
ventional non-coordinated beamforming scheme, the dentra

of our proposed strategy, the coordinated beamforminggdesbeamforming scheme in [7] and the distributed robust power
in [15] that requires full CSI to be shared among BSs, and th&nimization scheme in [3]. Note that the x axis represents
alternating direction method of multipliers (ADMM) appida the target SINR~;.. As can be observed from the figure,
in [9] will be analyzed. For the-th BS in our proposed strat- the proposed strategy performs overwhelmingly better than
egy, the major information that need to be exchanged with thee conventional scheme in terms of achieving higher SINR
other BSs in each iteration for solving inner problem (13h&s targets and closely follows its distributed robust coypeer
subgradieng; that containsV. K non-zero real-valued entries,in [3] until the per BS power constraint is attained at 16
ie., [A;'kk'](Nt-&-l)(Nﬁ-l) ,Vk and [Afjk](Nt+1)(Nt+1>7V/€7j # 4. dB target SINR. Furthermore, nearly all of the comparative



can be interpreted as the cost for guaranteeing the wosst-ca
QoS at UTs, i.e., robustness to the imperfect CSI.

40

V. CONCLUSION

This paper studies a distributed robust approach for max-
imizing the weighted SINR targets at each UT in multicell
interference networks. The problem is constrained to tstric
transmit power constraints at individual BSs in the presenfc
imperfect CSI. This problem is firstly mapped to an equivalen
centralized sum-power minimization problem at individual
BSs. Then the global-wise problem is decomposed into rall
subproblems via projected subgradient iterations to doate
the ICI across the BSs. Finally, a distributed UCB algoritlsm
proposed based on the concept of multi-arm bandit to find a
Fig. 1: Comparison of total transmit power for differentlobal optimal trade-off between the weighted SINR targets
schemes. and the per-BS transmit power constraints. Our simulation
results confirm the advantages of the proposed transmission
strategy in providing larger SINR operation range and rtbus
ness to the channel uncertainties in a multicell scenartb wi
realistic parameter setup.

,*-A—*';
2

%

30t
251 E : 1

20} h —

10 | === Conventional non-robust
=—©— Centralized non-robust
Centralized robust in [7]
== Distributed robust with no per BS limitation
; ; 1= *- Proposed scheme, Pi=30dBm
2 4 6 8 10 12 14 16
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