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Abstract—We compare the downlink throughput of various
cellular architectures with multi-antenna base stations ad mul-
tiple single-antenna users per cell, by considering a numbeof
inherent physical layer issues such as path-loss and time dn
frequency selective fading. In particular, we focus on Multuser
MIMO (MU-MIMO) downlink techniques that require channel
state information at the transmitter (CSIT). Our analysis takes
explicit account of the cost of CSIT estimation and illumindes the
tradeoffs between CSIT, estimation error, and system resaae
dedicated to training. This tradeoff shows that the number &
antennas that can be jointly coordinated (either on the saméase
station or across multiple base stations) is intrinsicallylimited
not just by “external factors,” such as complexity and rate d the
backbone wired network, but by the inherent time and frequercy
variability of the fading channels. Our analysis, in agreenent with
a number of recent simulation results, shows that conventical
MU-MIMO cellular architectures may outperform schemes basd
on coordinated transmission from base stations (referredd as
Network MIMO schemes, NW-MIMO), at the negligible cost of
a few extra antennas per station. In light of these results,ti
appears that the inherent bottleneck of NW-MIMO systems is ot
the backbone network (which here is assumed ideal with infirtie
capacity) but the intrinsic dimensional limitation of estimating
the channels.

I. INTRODUCTION

accurate CSIT to support efficient downlink signaling by MU-
MIMO. This CSIT overhead is often greater for NW-MIMO
systems than for conventional cellular systems given tleslne
for a user to estimate channels with respect to multiple -base
stations. In some recent works, the tradeoff between CSIT
accuracy and system throughput has been studied by simula-
tion, under some rather crude assumptions on the overhead
necessary to reliably estimating the fading channels @, [
Instead of comparing systems for a fixed number of antennas
at the base-station, as done in most existing works, [7], [8]
compared different system architectures assuming only the
following fundamental limitations: 1) the transmit powegrp
base-station and 2) a fixed dimensional cost of estimating
the fading channels, which grows with the number of jointly
coordinated antennas. Subject to these constraints, thbemu

of antennas per BS becomes a parameter to be optimized, as
well as the number of BSs per coordination cluster.

Such studies demonstrate a number of interesting system
tradeoffs. For example, CSIT accuracy requirements can dif
fer between NW-MIMO and conventional cellular systéms
Nonetheless, in general NW-MIMO does require more pilot
training overhead. The result is that for a given CSIT ovadche

Network MIMO (NW-MIMO) has recently generated mucha cellular system, possibly with frequency reuse factoesigr

interest as a potentially attractive technique to increaseall

than one, may provide larger throughput than a correspgndin

wireless efficiency [1]. As already noticed by Wyner [2]-NW-MIMO system in certain conditions of path-loss and

[4], if all base-stations (BSs) are jointly coordinatedotigh

fading time-frequency selectivity.

an ideal backbone network such that their signals can beThe works in [5]-[8] are largely based on simulations since
jointly processed, then inter-cell interference (ICl)atipears an exact theoretical analysis of such systems, involving no
and all signal power becomes “useful”. Even in the cagerfect CSIT, ICI and multiuser scheduling, appears to lvg ve

where base-station cooperation is limited to small clsstire

difficult if not impossible. One fundamental aspect of claliu

system throughput improvement of NW-MIMO can be vergystems considered in these studies that complicatessimaly
significant, specially if combined with clever opportuigst is the distance-dependent path-loss. This creates aneimher

multiuser scheduling schemes and with overlapped architesymmetry of the system with respect to users near their base
tures where different overlapping clusters of coordindtase- station and users located at the edge of the cells. Downlink
stations operate on different frequency subchannels §], [ scheduling schemes strive to maximize the system capacity

Such system performance benefits, however, are often basahject to some fairness criteria [9], [10]. Disregardiaigrfess
on studies that ignore inherent and fundamental overheaahsl focusing only on system capacity would lead to mislegadin
that are necessary to enable the downlink signaling by Mdenclusions, since the system would allocate resource only
MIMO. Even without assuming any limitation in the numbeto the users in favorable locations and neglect the bottlkene
of antennas per base-station and/or in the number of joind¥fect of “cell-edge” users. Therefore, fairness and salied
coordinated base-stations, a fundamental intrinsic éitiwh is must be considered as a relevant part of the problem.
represented by the ability of providing channel state imfar In this paper we focus on certain relevant models for
tion at the transmitters (CSIT), when the fading channel is

INW-MIMO does at times requiring less accurate CSIT than eational

varying in time and frequency. ; .
F | h head is the traini cellular with respect to some stations. For example, a uséreaedge of a
or exampile, one such overnead IS the training resourg sie, experiencing high ICI may only require accurate ©8h few closest

required in these multi-cell environments to obtain sugfitly signaling stations.
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conventional cellular and NW-MIMO architectures. We as-
sume explicit downlink training and channel estimationrOu 2
analysis applies to mainly to FDD, since TDD can exploit
channel reciprocity and train a large number of base station 0
antennas with the same uplink pilot signals [11]. Furthe®mo
TDD is affected by a more significant pilot contamination
problem [12] that is not so severe in FDD. For the considered
models, we provide bounds on the long-term average system Fig. 1. An example of cellular system with = 3.

throughput subject to fairness criteria, under some siiegli

' . . .~ boundary effects. The parameterg, o andé in (1) denote
scheduling assumptions that make the analysis fea5|b_le.thlor(1e SNR at the cell center, the path-loss exponent and the

particular, the fraction of time (activity factor) with wth 3&B-Ioss distance. The function (1) can approximate pathlo

each user is .se.rve(.j by the downlink sc.heduler is the result bdels used in LTE where gains arel /d° but are clipped to
a convex optimization problem, for a given concave networ

o . . o . a maximum value foe below some minimum distance [13,
utility function that reflects the fairness criterion. Ingttwork Table 5.1]. All systems operate under strict per baseestati
we focus on Proportional Fair Scheduling (PFS). While not o y P P

fully representing all the techniques examined in [5]—[8]r power c_onstralnts, wherg,[f] > 0 is the maximum power
. . S 2" that statiorb can use on subchanngl The powers are relative
theoretical analysis leads to similar trends and conchssas

the simulation results of the above referenced works. to the SNR given by (1), assuming aFrltnlrmallzed noise power
spectral density equal to 1, wheéezfz0 mlf] = 1.

Il. SYSTEM MODELS

We review here the system setup of [5], [7], [8]. Here w&: System architectures
focus on a 1-dimensional cellular layout. Simulation resul a) Conventional cellular system.: In this case, base-
for 2-dimensional layouts can be found in [6]. stations are equipped with/ antennas. Base-statidnserves

We assume that the system total bandwidth spnfad- only users within its cell, i.e., users in the interyalb + 1].
ing coherence bandwidths d# Hz each. On each fadingWe restrict to the case where base-stations allocate thaiep
coherence bandwidth, the channels are assumed frequereysally over all frequency bands, i.@,[f] = 1 Vb, f. Fig. 1
flat. The coherence bands are indexedfby- 0,...,F — 1. shows an example fab/ = 3 and F = 3.
We assume the usual block-fading model, according to which ) Expanded cellular system.: An expanded cellular sys-
the channel is constant in time over intervals of duratfon tem is a system where only one in eveiyth, R > 1, station
seconds (channel coherence time). Furthermore, we assyggctive on a subchannel. We assume tRativides F, such
that the productVT' is sufficiently large such that by sendinghat each station is assigndd/R subchannels in a round-
a codeword in a time-frequency block at a rate below thgbin fashion. Thug,[f] = R for all f on which statiorb is
mutual information of the resulting Gaussian channel @orractive, and zero otherwise. Differently from the convemdb
sponding to the time-frequency constant fading coeffigjent frequency reuse, stations are able to serve users in adjacent
arbitrarily small probability of error is achieved. In thieork  cells. Specifically, base-statidnis allowed to server users in
we compare three system architectures reviewed in Secti@@ expanded interval [b— (R —1)/2,b+ (R+1)/2] (wrapped
II-B and referred to as: 1) Conventional cellular; 2) Expetid modulo [0, B]) on its active frequency subchannels. Thus,
Cellular; and 3) Overlapped Cluster. even thought? > 1, all users in a given cell can be served
A. Cellular layout, SNR and pathloss on all frequency sub_channels and therefore the system has

oo _ ) . frequency reuse 1. Fig. 2 shows an example fo= R = 3

_ We indicate all base-stations in the system by a unidye, the overlapped coverage areas. Note, given the aloifity
indexb € {0,...,B — 1} and all users in the system by §,qers tg use all subchannels, this system with appropréate u

unique index: < {0,..., K—1}. The cellular layout spans theg e qyling outperforms a conventional cellular systemgisi
interval [0, B] in the real line, where base-statiéris located frequency reuse factor @t > 1

: . 1 ) .
at the spatial coordinate+ 5 and uselk is located at a point ¢) Overlapped clustering.: In this case, clusters of

2
vk belonging to a regular qniform grid of points such that thdeacent base stations are connected to a central cluster
number pf USers per gell i&/B for all cells and Users are controller, such that they act as a distributed joint traitiem
symmetnlcally Ioca_lted n gach céllThe channel-path gain forWith CM antennas. Clusters serve the users within the cells
a transmitter-receiver pair located @tv € [0, B] is given by of constituent stations (with the moduia, B] wrapping). Dif-
g(u,v) = Go (1) ferent clustering patterns are active on different subobbmn
’ 14 (dp(u,v)/8)™ We assume that’ divides ' such thatF/C subchannels
where we define the modulB- distance dp(u,v) = are aII_ocated to any given clusterin_g pattern. Furthermore
min__7 |u—v+Bz|. This has the advantage of eliminating thglusterm_g patterns are sh|fted_ver5|ons O.f each other af_‘d
overlap in space as proposed in [5]. In this way no user is
2The grid is such that no user is at a cell boundary. Thus eaeh ias permanently in a disadvantaged location (near a cluste)edg
uniquely associated with a cell. on all subchannels. Fig. 3 shows an example@oe F' = 3.
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alternatives have been proposed in order to implement this

Il i) JHIHHHII CSIT feedback (see for example [14]-[16]) and these may

i require different uplink overhead. Since it is not clear how
> to take into account the uplink CSIT feedback overhead as a

“cost” for the downlink spectral efficiency, we shall assuane

Space genie-aided CSIT feedback where the channel estimateg at th
Coverage of station b=1 on f=1 user terminals are simultaneously known by all base-statio
Fig. 2. An example of expanded cellular system with= F' — 3, in the cluste_r gt no cost. Therefore, in our optim@stic asaly
Frequency of CSIT training/feedback overhead, we take into account

only the overhead and the estimation error resulting froen th
training phase. Clearly, in both cases of TDD and FDD, this
provides a best-case for any system based on explicit tigini
channel estimation and CSIT feedback.
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Fig. 3. An example of intertwined clustering system with= F' = 3.
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Spact A. Pilot reuse scheme

Each block of. channel uses is divided into a training and
a data transmission phase. The training phase spang/
channel uses, using a scaled training sequénce \/a X ¢,,
where ¢, € CPRMx=1 ohp =1, ais a power normal-
C. Received signal model ization factor,# > 1, and  is an integer that defines the

Channel vectors are assumed i.i.d. from block to block i/t reuse factor. The system ha& M orthonormal training
time and for different coherence bands (time-frequenc. i.i SEAUENCES Py, ..., dgps—1 }, forming a unitary matrix® e
block-fading model). We shall omit the time index and focu§” %" * . The matrix is partitioned int6) non-overlapping
on a given subchannel within a coherence interval. The vectjocks of sizeQM x M, denoted by®, ..., Lg-1. On
of channel coefficients between base statiand the single- each frequency subchanngthe blocks are assigned to base-
antenna usek, located atv, € [0, B], on subchannef = stations in a round-robin fashion, such that the same trgini
0,..., F—1,is indicated byhy, ;[f] e(CMXl,Wherehk,b[f] ~ Mmatrix is reused every) stations. Also, we assume that
CN(0, gi.oT) with gz, = g(vi, b). We denote by (x5 the set tr_aining phases are aI!gneq in time and freque_ncy such that
of base stations that may serve ugeon subchannef. This pllOtS interfere onIy with pllOtS from other stations. Ineth
depends on the system architecture as described befote. Wigining phase, thé-th base station on channgl transmits
this notation, a block of received signal samples on submélanthe matrix@,[f] = v/a®p mod -

f of userk receiver is given by The per-base station power constraiptf] applies also to
the training phase and yields
Yelf1 = 2pec, Kol w1+ 2 pgc,, Xolf T[] +2k[f] y
2, — tr (©}[10411]) = aM = pi 1M
desired interference

(2) For the conventional cellular systems and cluster systems,
whereyy[f] € C**, z[f] is an L-dimensional i.i.d. Gaus- since all base-stations are active on all frequencies, we ha
sian noise vector with components CN(0,1), and where [ f] = 1 Yf,b, leading toa = 5Q. For the expanded cellular
Xy[f] € C**M denotes the matrix of symbols sent by baseystem, since the base-station transmits only on a fraétjdh
stationb. Consistently with the system assumptions of beforef subchannels, thep,[f] = R, leading toa = R3Q.
the number of complex dimensions (channel uses) per block o
is given by L = |WT|. Base-statiorb, at every channel use, B:- MMSE channel estimation
sends one row of the matriX;|[f] on subchannef, in parallel Consider usefk and assume € C(; s is a base station
from its M antennas. potentially serving usek on subchannelf. We denote by
[11. D OWNLINK TRAINING AND CHANNEL ESTIMATION Ple, f) _the set .Of a_II base sta_tions (incl_udimg sharing the

o o ) ) ~ same pilot matrix withc andwhich are active on subchannel

We assume explicit training gnd estimation of the downlln}(, and byP(c, f) = P(c, f) — {c} the same set excluding
channel vectors. The scheme is described for the gene®l caShe conventional cellular and overlapped cluster system
¢ > 1, understanding that” = 1 corresponds to the cellular gach training matrix is effectively reused evepyth station.
systems. In order to estimate @\/-dimensional downlink |, the expanded cellular case, each training matrix is Kkuse
channel vector¢’M orthogonal training sequences per fadingyery r()-th station since only one evef§-th station is active
time-frequency block (spanning = WT dimensions) are 5., the same subchannel.
needed. In the case of FDII/M orthogonal training se-  after projecting the received signal onto the training rixatr

quences per fading block are broadcasted by the baserstatig stationc, the received signal for channel estimation is
in the cluster. Users estimate their own channel and feekl bac

some noisy or quantized version of their estimate. Several Tr.clf] = aheclf]+ > yep , ahislf]+ wielf]  (3)



wherewy, .[f] ~ CN(0,aI). The estimation MMSE for the where X¢«[f] € CEPRMXM and where Ue-[f] €

linear Gaussian model (3) is given by C\E-BRM)>ISe-f1l is a matrix of complex coded modulation
Gk.c symbols containing the user codewords arranged by columns.
erclf] = 1+ Tk @ The precoding matrixVe-[f] € CN*Ie* U1l is formed by

—1+ . . .
O Dber, py It the unit-norm columns obtained by normalizing the columns

The above formula applies to all systems considered here,QJ‘yH;rc*[f] [f].

particularizingP. s, and the value of according to the cases. Each active usek € Sc-[f] is allocated a powePy[f] >
Note also that the MMSE is the same for all the componertis Define V., [f] € CM* !¢l 35 the submatrix oV ¢- [f]
of the channel vectohy .[f], and that the estimation errorcontaining theM rows corresponding to base-statiane C*.
vector is Gaussian and white. From well-known results orhe transmit power constraint is given by

MMSE estimation, we can write the channel vectors as y y

o[ ] = B[] + en.e[f] ®)
. L It is assumed that user codes are generated according to an
wheree, o[f] ~ CN(0, ex.c[f]1) is the estimation error vector, i.i.d. Gaussian distribution- CN (0, Px[f]). For k; € Se«[f],

hyc[f] ~ CN(0, (gg.c—er.c[f)T) is the channel estimate, ande v, (7] be thej* column of V., [f]. Then, (8) yields
whereey, .[f] andhy, .[f] are statistically independent. o ’
2<
IV. MU-MIMO ZERO-FORCING BEAMFORMING 2reser i) PelflVie LI < pe.lf] ©

This section describes the MU-MIMO linear zero-forcing Letting u c-[f] denote a generic element of theth
beamforming (LZFB) downlink scheme with user selectionolumn of Uc-[f], and lettingxH. [f] denote a generic row
and scheduling based on the available CSIT at the basé-the transmitted signal matriXc¢-[f], the received signal
stations, as in [5]-[8]. for k € Sc+[f] on a generic channel use of the data phase is

given by
A. Linear zero-forcing beamforming

For brevity, let N, = C'M denote the number of jointly¥s[f1= (Vi e. [flhy - (e [f1+ Y %0 [flhy o [f]

coordinated antennas and consider a reference cldster : C'#C*
L desired
{co,...,cc—1} active in subchannef. We denote byKc- . -
. inter-cell interference
the set of userg potentially served by the reference cluster
i + ) (Vie- 1By e [fDuje-[f] +24Lf] (10)
on subchannef, i.e., such thal(; sy = C*. Fork € K¢, we ' 5,cx L/ 12k J,C k
define the composite channel vectors JESex[f]:#k
- T T T intra-cluster interference
by c-[f] = [, [fL 0L ()bl 7] (©)

If the CSIT was perfect, the intra-cluster interferencentén
of length N, and leth, ..[f] denote its MMSE estimate, (10) would be zero given ideal zero-forcing. With non-petfe

obtained by stacking the MMSE estimatgsm[f] of the CSIT, the intra-cluster interference is generally nomzer

individual subvectors in the same order. Furthermore, defin ) )

the channel matrice$..[f] and H.[f] collecting all the B. Scheduling and rate allocation

composite channel vectors arranged by colunviise KCc-. The active user subset in each cluster is chosen on every
Define the set of active usefg-[f] C K¢- in clusterC* as scheduling slot according to the Proportional Fair Schiedul

those users who are served with positive powers by the clusteFS) rule [9]. The scheduler updates the average throtighpu

on subchannef. Note, this selection of users changes witlT[¢] of userk according to the well-known rule

time, but for simplicity we drop the dependence on time in the oy

notation. For LZFB, it must b&Sc-[f]| < min{ N, |K|}. We 1 1 «

focus on the cas®&/ < K/B so that the number of active users It = (1 a E) Tilt =1 + tF Z Rilt, f]

per cluster is limited by the number of anteniés We define f=0

the matricesHs_, ;) (f] andHs_.)[f] as the submatrices of yheret denotes the scheduling slot index aRg]t, f] is the

He-[f] andHe-|[f], respectively, restricted to the columns irservice rate of userk on subchannef at slott. The problem of

the active user se$c-[f] = {ko,k1,...,ks..17)|-1}- Define  downlink scheduling with imperfect CSIT is addressed in][19

the Moore-Penrose pseudo-inverse&gc*u’] [f] as where the following scheduling rule is studied: the schedul

at each timet selects the active user subsgt.[f] and the

~ ~ ~H Y —1
B ] = Bs ] (Bs,. nfBs 1) @)
Se-l7] Se- 1] Se- 1] Sex1/] SWe remark that while the Moore-Penrose pseudo-inverseeisofiiimal

With these definitions, the transmit signal from the clusser LZFB precoder subject to the per-cluster (sum) power cairgirit is not
given by generally optimal for per-base station power constraiiij.[The performance

H of the cluster system can be improved by using the optimalB-ZBlution
Xe+[f] = Uex [fIVE-1f] subject to the “per-BS power constraint” problem [18].



corresponding transmit powe{sd>;[f]} in order to maximize information (12) by the quantity
the conditional mean weighted sum rate ~ 2
[VE e /1By - (1] Pl

Wilt] E|Ri(Ve- [£], He- [f], {Pel£1} xeFD| He- [£]] Tog |1+ = = (15)
R [RutVer L B APl D1 B ) 1+ B[] B [f]] + E [l ] - (1]

(11)
where Wi [t] = 1/7;[t] and whereRy(-,-,-,-) is the rate where &[f] = Y. 5.y |Vie-[flepe-[f |2P is the

user k on time-frequency sloft, f], and is a function of instantaneous intra-cluster interference power. Let\sscmer

the beamforming matrive-[f] (which in turns depends onthe terms in the denominator of (15) separately. For theintr

H..[f] and onS¢-[f]), of the channel matrif..[f], of the cluster interference, using the block-diagonal structfréhe

power allocation{ P;[f]} and of the total instantaneous IClcovariance of the MMSE error vector and the fact #ag. /]

power coming from all cluster§’ # C*.# Notice also that the g independent OHC [f], we obtain

scheduler weights are independentfofi.e., the same set of

weights is used across all frequency subchannels. Downli

scheduling across the frequency subchannels was shown[ﬂ:lt( &kl |HC* = Zﬂc c[f] Z [1Vj.el]

provide significant improvements with respect to independe s J€Se-11]

scheduling on each subchannel, especially for the expand@stice that the terngesc* [vielf ]||2p [f] is the trans-

cellular and for the overlapped cluster systems [6]. mit total power from base 'stat|on € C*. Under a strict
From (10), the rate function for active useris given by  per-base station constraint, this is not larger thaff].

Therefore, the intra-cluster interf. terms is upperbouhtdg

12 P; ()

Ri(Ve«[f], He- P = 12
k(Ve-[f], He- [f], {Pe[f1} xx[f]) (12) e €rclflpelf]-
o rp 112 For the ICI term, neglecting the conditioning in the expec-
log <1+ VR e 1By 1] Pe 1] ) at h mai
T T e gV s (Pl oo TP B3 ] ation, we can use the approximation

where E [Xk[f]lﬂc*[f]} ~ > gkopslf] (16)

=Y hy oS (flhy e lf] (3 I _
cr£CH Using the above simplifications, the proposed (suboptimal)

scheduling rule finds the active user set and the power al-

Is the instantaneous ICI power at ugereceiver coming from location that maximizes the approximated weighted rate sum

the set of clusterdC’ : C' # C*}, and whereX¢ [f] =

Cov(xg, [f]) is the transmit covariance matrix of cluseér.

—~ 2
H
The conditional expectation in (11) is hard if not impossibl Z Wilt]log | 1+ ‘V’“c* [Ty c- [f]‘ Pilf]

to compute in closed form. Furthermore, the resulting maxi- < Sorlf] 1+ Z enclflpelf] + Z Grspolf]
mization is a complicated non-convex problem, involving a eec bgc
combinatorial search over all possible active user Setsf] 17)

and, for each given set, a non-convex maximization due to thbject to the base-station power constraints (9)cfor C*.
presence of the powerd[f] at the denominator inside the logThe maximization of (17) has the same form of the user
function. Therefore, we consider the following low-comyitg ~ selection and power allocation optimization with LZFB and
approximation, which results in a very simple scheduling.ru perfect CSIT, after replacing the actual channel matrix by
Let e, o.[f] denote the estimation MMSE vector for thelc-[f] and augmenting the noise variance at each given user
composite vector channdi, ..[f], with block diagonal co- ¥ by the corresponding intra and inter cell interference term

variance matrix Therefore, the optimization of (17) can be easily obtaingd b
_ using efficient user selection algorithms as in [21], [22].
cov(ey, - [f]) = diag(ex.co[f1L, - . - €k,cc_ [f1T) Finally, we have to specify the actual user service rates

k[t, f]. We assume that aftéc-[f] and{ P;[f]} have been
optimized as explained above, given knowledge of estimated
channels, that the usefs € Sc-[f] achieve on the current
slot an “optimistic” rate equal to the instantaneous mutual
ulfl= (VE o [flhy oo L) ukce Lf] + <™ [fh, o [f information (12), even though this rate is actually not know

tl/] (il k- 1) Z ¢ [l c17] to the scheduler. In [23], [24] we showed that this “optinaist

H user rates can be approached by combining scheduling with
2 jesee 11 (Vi [Flene-[MDujc-[f1 + 2:[f] (14 jcremental redundancy hybrid ARQ.

(each block isM x M), we can include the self- mterference
due to the non-perfect CSIT into the intra-cell interferenad
write (10) as

c'#£C*

Using standard bounding techniques (see for example [20] V. SIMULATION RESULTS

and references therein), we can lower bound the mutual . . . , . . .
It is instructive to first revisit some simulation resultsrfn

4All these quantities are time-dependent and change from telcslot. OL.JI’ previous work [8] Here S|mUI.at|ons uge= 60 stathns
However, for notation consistency we omit time index. with K/B = 36 users per cell, uniformly and symmetrically
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Fig. 4. Geometric Mean of Per-User Rate under the limitingueption

n — 1, i.e., zero effective overhead by pilots.= 1 in all cases.

4
Pilot Overhead Factor 3 QM

Fig. 5. Geometric Mean of Net Per-User Rates wiifi, = 0.045. 3 =1
in all cases.

placed in each cell. Expanded cellular and overlappedeﬂusFSlT estimates by increasing to 2 for cellular and tot for

systems us& = R = F = 3. The pathloss parameters arecIuster systems (despite thg fact many users are not getting
accurate CSIT from all stations) results in a net overals los

Go = 10° & = 3.76 and = 0.05. We consider user rates, in rate. Asn — 1 user rates approaches those of Figure 4
wherery is the average value of the “optimistic” rates (125 ! PP 9 '

over all slots and subchannels achieved by simulation [8]. VI. SYSTEM CAPACITY APPROXIMATED ANALYSIS

Fig. 4 shows the tradeoff in the geometric mean (what o major difficulty of any theoretical analysis is represehte
PFS maximizes) of;, vs. M under various pilot overheadsyy the fact that, in the presence of user-scheduling, ssibset
under a limiting assumption that = (1 — SQM/L) — 1, of ysers are selected and therefore the joint statistichesf t
I.e., effeC“VG'y zero overhead & — oo for finite JQM.  channel vectors, after selection, is neither i.i.d. nor San.
Ideal” cases assume perfect (genie aided) CSIT knowledggy, the other hand, the results of [25] show that when both

“Cell"" and”“Exp” denote conventional and expanded cellulaghe number of antennas and the number of users grow large,
and “Over” denotes the overlapped cluster architecturéeNoye probability of selecting a set of channel vectors that ar

the x-axisC'M represents the minimum value 8RM since  qyasi-orthogonal, i.e., that significantly differ from cam

@ =>Candf > 1 for each system. i.i.d., vanishes to zero. These asymptotic results sugbast
The plot demonstrates that cellular systems outperform NWphortunistic user selection has a less and less significant
MIMO systems as a function of pilot overhead. For examplgmpact as the system dimensions become large.
an expanded cellular system will = 12 and@ = 1 and  \otivated by this consideration, we consider a simplified
the NW-MIMO system withM = 4, C' = 3, and@ = 3 have  model where the scheduler seleds < Cmin{K/B, M}
the same pilot overheadQ )/ = 12. Here @ = 1 provides ysers at random, with uniform probability, to be scheduled
effective estimation for the expanded cellular while= 3 is 5 each sub-channef. The number of selected users per
the minimum required by theé’ = 3 NW-MIMO system. cluster, S, is the same for all clusters. As before, we let
It is also important to note that on each subchannel i5)..[f] denote the subset of selected users for a reference
NW-MIMO the use of@ = 3, and even = 4 or 5, only  clusterc*. Finally, we simplify the power allocation problem
provides cluster-center users with accurate CSIT witheeSp and consider equal power for all selected users, i.e., we hav
to all C = 3 stations of the corresponding cluster. Many, 1] = o5 S oce- pelf] for all k € S.[f]. We denote by
cluster-edge users are effectively only obtaining CSIThfro 3| f] the set of all base-statiomehich are active on frequency

the two nearest stations in their cluster on that subch&Bhel sybchanney, and byS]c, f] the same set excluding
The close performance @) = 3 and Q = 4 cases to the '

“Ideal” case for NW-MIMO demonstrates the more relaxe@- Cellular and Expanded Cellular Systems

CSIT requirements for some user locations in an overlappediVe consider an expanded cellular system with> 1.

NW-MIMO architecture. The results of the conventional cellular system are obthine
The effect of training overhead becomes apparent in Figb¥y letting R = 1 and particularizing definitions oB[f] and

which shows the case df/L = 0.045, i.e., where each pilot p.[f]. In the expanded cellular system, we consiBeadjacent

takes 4.5% of the transmission resources. The plot showells, denoted byC* = {co,...,cr—1}, such that celk; is

the geometric mean of the net rate, vs SQM. Here a active on subchanngl for 0 < f < R — 1. As described in

conventional cellular architecture with/ = 4 andQ = 1 Section 1I-B, each station covers a symmetric interval aé si

exceeds the performance of a cluster system Wwith= 3 and R centered around the stations position, and wrapped modulo

Q@ = 3. The plot also demonstrates that reducing errors o [0, B). Thus a station serveE R/B users on subchannel



f. We focus on the set of users served by statiprin band the long-term average rate of ugeiis lower-bounded by
f, denoted byK., = {k : C(k, f) = cs}. Stationc; picks

S < min{KR/B, M} users in its extended coverage to be lim = ZRk 1> gl f]ﬁib[f] (22)
served simultaneously, at random and with possibly differe t—oo t

probabilities corresponding to user-specific activitytdas to _

be chosen later. When active, stations transmit at a power WhereRk fl = E [Ik e, (E )}

Dey [f]=R.

Assuming uniform power allocatioR/S to each scheduled The set of Va|U95{Rk [f]} can be evaluated for a reference
user we can obtain the following conditional mutual informastation, ¢*, active on a reference subchannfél. Users are
tion lower bound for usek € K., (given the CSIT available located on a fixed symmetric grid on the coverage and thus for
to base statiorn ;): every active user in any cell there is an equivalent uset ion

/* having the same long-term average rate. Specifically, these
b = Ll?cf (A [f], {hxo[f] : b € B[Cf,f]}) — (18) areusers with the same relative Ioeation W_ith respect _t'cv the
active serving base-station. Evaluation of this referestagon
9 can therefore be used to define an arﬁalff/ of Fx KR/B rate
‘Vk y [f]hy, e Lf ]‘ R/S lower bound 1\éalues such that tiig k) element of this array,
—~ denoted byR, [f], is the rate lower bound for usére K,
L+ Reye[f] + I [ka | He, [f]} on subchann]ej[ (]vvith 0 < f < F —1). The average total rate
(over all frequency subchannels) for ugeis therefore lower
bounded ask;, > Z S Ykl fIR [f]. In order to take into
account also the overhead due to CSIT training, the rates mus
Be weighted by the efficiency factor= (1 — QM/L). For
"PES, the utility function i€’ ({ Ry }) = >, log Ry, resulting in
the following network utility function maximization proém

log | 1+

where xx[f] is given by (13) is the ICI coming from all
cells b € Bley, f], and where {X;[f]) = R. As shown
in Appendix A, by using the correlation structure betwee
hy, »[f] andH.,, [f] this mutual information bound is a rando
variable distributed as

_ 2 2 _
I, () = log (1+m[f]ta ] ;‘Pk[f]||t2” ) maximize 3", log (n% Dyl qk[f]Rif[f]) (23)
—log (1 + px[f11It]1%) (19)
where t1 ~ CAN(0,Tar_s:1) to ~ CA(0.Ts 1), t = subject to qu 1< S, qr[f] =0, Vf=0,...,F—1
[tT tJ]7 ~ CN(0,I;), and where the user-dependent pa- Rekeo
rametersp,[f] and 7 [f] are given by The associated expressions for the conventional cellakse ¢
L ) are readily obtained by specializing all the expressior$is
orlf]= A1 2020 Gk 4 RQE section to the cas& = 1.
R—1+ . —1+ . _ 2
(R4 ghcpere ) (7400, GhieerQe) =2 9he559¢ 8. Overlapped Cluste
and The analysis in the overlapped cluster case poses additiona
1 1 5 challenges. Unlike the expanded cellular case, the corgosi
melf]= 59kes T 20 Ik,c;+RQL channel vectory, [f] defined in (6) are not isotropic, since
(R, Gheprre) (7Y GherrQE) =20 97 cf+RQ¢ as they are formed by vectors of lengthM (one per

(21) base station in the cluster) each with path-gain speciféc, (i.
wherea = SRQ), (with the understanding that all sums arelifferent) power. Hence, assuming > 1, it is not enough
restricted over indices in the rang@, 1,--- , B—1} and that to assume that the cluster picks a setSfisers at random
¢y denotes the base-station that is closer to ésamong the throughout the cluster, since this would not happen under th
base stations active on chann@gl actual user selection algorithm. For example, it is verykety

Notice thatIlb in (18) is a function of the instantaneoughat the cluster select$ users all belonging to the same cell;
CSIT avallable at base statiay as well as of the random if that were the case (and > M) the resulting channel
channel vectors from all interfering base statidgng: c¢; to  matrix would be almost rank-deficient (all the large-vadan
the userk receiver. The scheduler wishes to optimize sonmmefficients are confined in a submatrix of sike x S5).
suitable concave and componentwise non-decreasing rietworHere we consider a simplified user selection rule that select
utility function T'(R)), function of the users’ long-term averageS/C users in each cell in the cluster, but inside each cell,
(or ergodic) rates. To this purpose, the scheduler may @odisis selection is random with possibly different probdlas
users with different “activity factors”, that is, some usenay which determine the user activity factors. Again, we choose
be scheduled more or less frequently than others. Suppase $h < C' min{K /B, M }. This assumption imposes a given set
userk € K., is scheduled with activity factogx[f], where of joint statistics of the composite channgls. [f] for a given
the vector of utility factorsq[f] is subject to the constraint clusterC* active on subchanngl. Strictly speaking, the joint
> kex, @[f] =S, gx > 0 for all k and all f. By ergodicity, channel statistics depend on the probability with whichrsise



are chosen. We neglect this dependency here and optimize the —A-Cell 0

el : . =1p=1
user activity factors separately, as if they had no influemrte —A—Cell: Q=2 p=1
the joint channel statistics. We also assume without loss of ¢ 17-@-Exp:Q=1,p=1 ]
generalityC = F. —®-Exp:Q=2, =1

-8-0ver: Q=3, =1
[|--m- Over: Q=4, p=1

o
©

Assuming uniform power allocatiod’/S for each active
user, we have the conditional mutual information lower kbun

T (He-[f], {byclf] : C#C}) =
~ 2
Ve [fBy e[| €8
1+ Seec ewelf] + E | xalf] He [f]

wherex[f] is the ICl in (13), coming from clustei® # C*,
and where X3¢ [f]) = C. 0

I
IS
T

log| 1+

(24)

Geo Mean of Per User Rate: All users
o
(22}
:

o
[N)

o 1 2 3 4 5 6 7 8 9 10 11 12 13
Similarly to the expanded cellular case we have the long- CM: Antennas per cluster or cell
term average rate bound (22) where Fig. 6. Geometric Mean of Ergodic Per-User Rates under tmtirig

assumptiorny — 1
Ry () = E 1. (He-[f), by c[f] : € £ C*) | | | |
and ignores benefits from user-scheduling. The comparison
Since the users are on a fixed symmetric grid, the average rajetween expanded cellular and overlapped cluster systems i
that any usek gets on any subchanngl=0,...,C —1 can similar, with the expanded cellular cage= 1 exceeding the
be obtained by appropriately mapping users-rates detednirtiuster architecture requiring a larger pilot reusef 3.
for users on the reference clustér active on reference The conventional cellular case in Figure 6 does not predict
subchannelf = 0 to equivalent users on other clusters anghe advantages shown in the simulations in Figure 4. One
subchannels. Such equivalent users have the same relatdson for this is that the lower bounding of the ergodicsrate
position with respect to their serving active cluster. BXmg s looser for cluster-edge users with high ICI, thereby gy
this symmetry, we can obtain an arr® of C' x KC/B them very low rate bounds. For the conventional cellulaecas
rate lower bound values such that thg k) element of this this has a strong effect on the overall geometric mean since
array, denoted bﬁib[f], is the rate lower bound for userany cell-edge user suffers from this effect on all sub-cletsin
k € K¢+ on subchannef. The average total rate (over allFor expanded cellular and cluster cases, cell-edge usees ha
frequency subchannels) for uskeis therefore lower bounded favorable ICI conditions (and rate bounds) on at least one
asRy, > 1 Z?;()l n [f]ﬁg’[f] and the network utility maxi- Of the sub-channels. The activity factor optimizatipp.[f]}
mization to be solved is takes on the same form as in (23)guarantees that cell-edge users are scheduled less (ort not a
Finally, we obtain a simplified expression for the averagdl) in clusters where they are cluster-edge uSéfbis makes
mutual information lower bound, by exploiting Jensen’s inthe expanded cellular and cluster architectures less ts@nsi

equality. Taking expectation of both sides of (24) we have t0 cluster-edge effects.
To eliminate this edge-cluster effect, we next compare the

~ 2
T ’VZ',C* [0]hy, c- [0]‘ C/S three architecturgs by Qropping from each cell the 2_ edgesuse
R, [0] = E|log |1 + — from each cell side. Figure 7 shows for each architecture the
1+ cecn €kel0] + E{Xk[OHHC*[O]] (geometric mean) rate performance based on the rates of the

remaining 32 cell users per cell (top 89-percentile of Ysers
The “architecture” trends in Figure 7 match more closelystho
in Figure 4, revealing that, if properly adapted, the théoaé¢
) analysis can also be applied to caseg ef 1 and predict the

>E llog (1 + Z €k,e[0] + ‘Vz-,C* [O]E’“C* [01’2 %)

ceC*

—log <1 + Z €x,c[0] + Z 9k,b

cecr bgc*

(25) trends of the full-scale system simulations.

L . . VIIl. CLOSING REMARKS
Note that the expectation in the bounding expression in (25)

is evaluated by Monte Carlo simulation, due to the fact that We conducted a performance comparison of three types
h, ..[0], and therefores!! .. [0], have non-isotropic statistics. of coordinated and non-coordinated cellular architesttire
’ ’ the context of MU-MIMO downlink transmission to multiple
VIl. RESULTS FROMERGODIC ANALYSIS single-antenna users per cell. Our study considers inheren
We repeat the scenarios described in Section V. FigurepBysical layer issues such as path-loss, time and frequency
shows the geometric mean of the bounds on ergodic per-
user rates for various architectures plotted agamM as 5In addition, the multiuser diversity effect provided in teinulations by
. . the greedy ZFBF scheduler yields rate improvements (witpeet to the
done for figure 4. ‘The rates for all systems are lower,

A . . %%rformance of the random scheduler assumed in obtainiadotlier-rate
expected since the ergodic analysis does show lowerboted k@unds) that are proportionally larger for edge users.
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CM: Antennas per cluster or cell

Fig. 7. Geometric Mean of Ergodic Per-User Rates ignoring @&@rhead
for top 89-percentile users under the limiting assumptjor> 1

13 [13]

[14]

selective fading, and the need for channel state informatio
at the transmitter (CSIT). By taking explicit account of theys
inherent cost of CSIT estimation, the analysis illuminates
tradeoffs between CSIT estimation error, system resourﬁfa
dedicated to training, and net system performance.

The paper provides a theoretical analysis of such archi-
tectures. We show that the predictions from theory ger}era“j]
agree with simulation based studies [5]-[8], provided that
account for the pessimistic performance predictions fdlr ce[18]
edge user rates by the theory. In the context of MU-MIMO
downlink, our study reveals that conventional cellularh&rc (1]
tectures can vyield higher system performance than Network
MIMO architectures for a given CSIT training overhead amd/%sz]

by the use of a few extra antennas per station. In light
these results, it appears that the inherent bottleneck nidik
MIMO systems is the intrinsic requirement in number 0621]
dimensions dedicated to estimating user channels.
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APPENDIX

In this section we derive the expressions for the mutual-
information lower bounds used in Section VI. Note that in the
process we also derive the conditional user-ICl expresdion
the expanded cellular system.

First, for any base-stationthat is active on channgl, we
derive the conditional PDF for the chanrie} ,[f] between
userk and the antennas at BS with indéx given Hk,c[f],
the MMSE estimate (obtained via pilot-on-pilot training) o



hy, [f] the channel between useand BS with index. Recall I}Cb [f] in (18) in the following form:
that hkc[f] is the MMSE estimate ohy, .[f] based on (3).

First note that fob ¢ P(c, f), the vectorsy, ,[f] andﬂ;m[f] I*  =log (

are independent, and thus, ;[ f]|hx.c[f] ~ CN(0, gk I).

Consider next the cagec P(c, f). First, note that the estimate (Ghe, — €ne |tHvk . [f]|2 /S
of hy[f] based onry .[f] in (3) for anyb € P(c, f) = — el TE L (29)
P(c, f) U {c} is given by R e e ,lf] +ng.,b+{—M - ] > (grs—erdf]
9k,b Gk,b 7> beB(f) bEP(cy)
h —h c b#c
kblf] = aZdeP(cf)}gkd+1 kelf] = P [f] s

Writing t = [t] tJ]T with t; being(M —S+1) x 1, first note
Also, hy[f] = hy[f] + explf] with hy,[f] and ey [f]  thatwe can substitutés, || for [tHvy, ., [f]\2 in the expression
independent, andy [ f] ~ CN(0, exp[f]), With ;5[] given above. To see this, assume without loss of generality treat th

by (4). Sincehy, b[f] = (9rk.p/9k.c)hr.c[f], we also have nullspace of the othef — 1 (scheduled) users is confined to

hy u[f] = (gk,b/gk,c)hk,c[f]+ek,b[f],With hy .[f] andey ,[f] the first M — S +1 _dimension; oft, i.e., in t_he space of

statistically independent. Hence we have t1. Then the projection ok ., in that space is chosen for
beamforming (witht,), thereby|t"v; ., |* = ||t1]|%. Hence

CN(;’:—:iflk,c[f], 6k,b[f]1) if be P(c,f) (29) can be put in the form
CN(0, gi 1 if b¢ P(c, oy — 2/8
(0, g p1) if b¢ ((2J6€)) v (] = log (1 n ( k[fl +Z/;[[f]])||t|1|3|12|| / )

We next obtain an expression for the user-ICI in the ex- X hich, 5 5 5 b q
panded cellular case. Note that for alE B(f), p.[f] = : It(l: usmg!tg” gtth + [[t2[|” can be expressed equiva-
Letting ¢y denote the station serving uskrin band f, we ently as in (19), and where

7 > bepess) (Grb — €rp[f])

obtain an expression foE [hkyb[f]HZb[f Thy o[ f ]H

hk_’b[f] ‘flkc[f] ~ {

prlf] =

for b # ¢. Since base-statioh is not serving on channe;f R-1+ Zbeg(f) Jk,b — Zbeﬁ(cf,f) (grp — €rplf])
any of the users served by cel} on channelf (including (30)
userk), and since the channels (and their estimates) of taad

users served by celt; (in .channelf) are not exploited in % (Gh,e; — €res [f]) + ﬁ Zbep(cﬂf) (9k.b — €xplf])
the scheduler at base-statibnand these channel vectors andx[f] = BRIty =S, — )
estimates are independent of the channels and estimates of t veB(f) Ikb beP(cs.f) (ks = o (31)

users served by base-statibnthe transmitted signat,[f] is Note that for any € P(c;, f)

independent ohy, ,[f] and offIC [f]. Using (26), we obtain )

kb
R gk — €rplf] = — : : (32)
B[ b /124 [l )| L 1] = s B e 0 T epies, 1) It
g’“’cf 27) which, when substituted in (30) and (31), yields
if b € P(cy, f). This user-ICl dependency on the channel %Zbep(cfﬂf) gi,b

estimate is a manifestation of “pilot contamination,” als@rlf1=
observed by [12] in the context of TDD-based training. Also <

R~ + Z gk,b> <a1 + Z gw) - Z i

the LHS of (27) equalsR gy if b ¢ P(c, ) andb # c¢f, and beB(S) 0eP(cs.f) beP(cs.f)
equalsO for all b ¢ B(f ) We next rewriteh,., [f] in the form 33
= \/Gkc; — ke, [f]t Wheret ~ CJ\/(O I). Then for and
aII b 6 Ples, f) %91% + % Zbep(cf,f) 91% b
; Tlf] =
o~ _ gkb _ _ 1
hy[f] = —gk,cf helf] = \/gkp — explf]t (R T4+ Z Ik, b) <a + Z 9k,z> Z gk b
beB(f) LeP(cy,f) beP(cs,f)
Summing both sides of (27) over all # ¢, and using the (34)
preceding expression we get Without loss of generality we set the reuse factbto equal
y F. Assuming that fol) < ¢ < F' — 1 base statior: is only
> E [hk,b[f] o[ f1h [ f]] He, | } active in channet = f, we have
b#Cf

”tH 75(c,f)={c+QF€}gﬂ{0,1,--- 7B_1} (35)
Z Rgip+ R [ M 1] Z (916 —ennlf]) (28) g f =c mod F,andP(c, f) is empty otherwise. Using (35),
bEB(f)sbkcy bEP(ct,f) prlf]in (33) andrg[f] in (34) can be reexpressed in the forms

To derive the mutual-information lower bound expressiot?0) and (21), respectively. The cellular case expressioes
for the expanded cellular case we start by using (28) to ssprdiven by evaluating the expanded cellular onegzat 1.



