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Abstract

We investigate quantization and feedback of channel stdtemation in a multiuser (MU)
multiple input multiple output (MIMO) system. Each user ma&geive multiple data streams. Our
design minimizes the sum mean squared error (SMSE) whileusxting for the imperfections in
channel state information (CSI) at the transmitter. Thipgsanakes three contributions: first, we
provide an end-to-end SMSE transceiver design that incatps receiver combining, feedback
policy and transmit precoder design with channel uncettairhis enables the proposed transceiver
to outperform the previously derived limited feedback Mbelar transceivers. Second, we remove
dimensionality constraints on the MIMO system, for the seenwith multiple data streams per user,
using a combination of maximum expected signal combining8«) and minimum MSE receiver.
This makes each user’s feedback independent of the othdrshanresulting feedback overhead
scales linearly with the number of data streams insteadeohtimber of receiving antennas. Finally,
we analyze SMSE of the proposed algorithm at high signaietise ratio (SNR) and large number
of transmit antennas. As an aside, we show analytically viieyHit error rate, in the high SNR

regime, increases if quantization error is ignored.

Index Terms

MIMO broadcast channels, Limited feedback of CSI, Quatitireerror, Ceiling effect, Maxi-

mum squared inner product vector quantization, Maximumeetexd signal combining.

I. INTRODUCTION

The advantages of spatial diversity and multiplexing hasttethe investigation of multi

user (MU) multiple input single output (MISO) and multipleput multiple output (MIMO)
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wireless communication systems [1]. Spatial diversity cemease system reliability as well
as the spectral efficiency of multiuser systems. Howewvenitditions caused by interference
and channel fading remain a concern in MU MISO and MU MIMO eyst. These can
be mitigated by precoding the signals before transmissionurn requiring channel state
information at the transmitter (CSIT). This paper focusedlee linear transceiver design to
minimize the sum mean squared error (SMSE) in the downlinkibf MISO [2], [3] and

MIMO systems [4], [5], a single base station (BS) communngatvith multiple receivers.

In a frequency division duplexing (FDD) system, differergécfuency bands are allocated
to the downlink and uplink of a MIMO channel. Therefore, chahinformation needs
to be estimated at the receiver and sent back to the BS aftartigation. Recent works
suggest that this might be required in a broadband timeidividuplex (TDD) systems as
well [6]. In general, providing accurate CSIT and reduciegdback overhead are important
considerations in a linear transceiver design. Our workirags perfect channel estimation
at the receiver end with zero delay error-less feedback aadses on quantizing CSI.

In the available literature, scalar quantization [7], [8], [10], vector quantization (VQ) [11],
[12] and matrix quantization [13], [14] have all been usedjtmntize CSI. It is now well
established in the single user, single data stream, caserthjacting the MIMO channel to
an appropriate vector downlink channel yields better perémce than full channel scalar
guantization with same feedback overhead [15]. This hastdedonsiderable research in
VQ, which reduces the feedback overhead by allocating bithe propoer vector downlink
channel. In VQ, to send® feedback bits as the channel index to the BS, each user needs
a codebook witt? code vectors. Grassmanian line packing [16], VQ using MSEhas
optimality criterion [17] and random vector quantizatidRVQ) [18] have been the most
poplular approachefor the multiuser caseln this paper we investigate VQ, based on the
MSIP criterion [19] as the feedback method.

In a MU MISO system, users can feed back the channel vectang ¥). However, in
the MIMO case, one needs to combine the receive antennamt@rtdhe MIMO channel
to the effective vector downlink MISO channel. Because #meivers cannot cooperate, the
guantization scheme of each user is independent of the. ®hgecting the MIMO channel
to the direction of its maximum eigen vector (MET) [12] is thytimal solution at low SNR.
Jindal [11], [20] proposed quantization based computinB@QRwhich choses the effective
vector downlink channel to produce the least quantizatroorgthis is optimal at high SNR.

Trevellato et. al. [21] proposed maximum expected signatlmaing (MESC) to maximize
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the signal to interference plus noise ratio (SINR). Thelresne outperforms both QBC and
MET; MESC converges to MET and QBC in the low and high SNR reg&spectively [21].
All these schemes discussed so far assume that each useeseaesingle data stream.
However, our intent here is the general case wherein a ustér,multiple receive antennas
may receive multiple data streams [4], [5]. Multiple dateeams per user complicates the
feedback process, requiring linearly independent infoionafor each stream. In this paper,
we extend the MESC algorithm to multiple data stream scenari

Most of the relevant works in the limited feedback MU litenag suffer from dimensionality
constraints. With)V/ transmit antennasy total receive antennas ariddata streams in total,
either M > N [18] or N = L [22]. To the best of our knowledge, only authors in [7], [8],
[9] avoid these constraints. However, by using scalar qeatin, the feedback overhead
in these systems scale linearly witd/ N [7], [8] and M? — 1 [9] respectively. Due to the
formulation of our MESC receive combining, the feedbackrbead in our proposed system
scales only with\/ x L (whereL is the total number of receive data streams). Siice, M
and L < N, the proposed transceiver allows significant performamepraovements with
lower feedback rate.

Previous works [17] have shown, by simulation, that if themfization error is ignored,
the MSE increases at high SNR. Here we investigate why thisiestheoretically.

The overall contributions of this paper are therefore:

1. We provide an end to end SMSE transceiver design thatredtes the dimensionality
constraint and tie the feedback overhead to the number afsiegams, which is always less
than or equal to both the number of transmit and receive aaten

2. We extend and make the MESC receiver flexible, by allowingfiple data streams per
user scenario.

3. We show the flooring effect in terms of SMSE in multiuserdafcast systems. Previous
works on this area focused on the ceiling effect in terms glacay [18], [11] and signal
to interference plus noise ratio (SINR) [17]. As an aside, skew why SMSE and BER
increases instead of getting flattened out if quantizatiwores not considered.

The remainder of this paper is organized as follows. Sedtidascribes the system model
and reviews transceiver design problem with full channeivikedge. Section Il reviews the
proposed quantization method and shows the linear precedggn. Section IV illustrates the
two step receiver design process and gives the overallidigorWe analyze our proposed

transceiver in Section V. After providing the numerical glation results in Section VI, we
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draw our conclusions in section VII.

Notation Lower caseg, denotes scalar while lower case bold fde@neans column vector.
Upper case boldfacd/ denotes matrix whereas uppercase normal f¥ntepresents constant
entry. The superscripts)” and(-) denote the transpose and conjugate transpose operators
respectively. tr {| denotes the trace operatdr.is reserved for the identity matrix whereas
1 represents the column with all one vectdiag(-) denotes the diagonal matrix where the
diagonal entries contain the bracketed terths}|; denotes the.! norm of the vectorE(-)

denotes statistical expectation.

I[l. SYSTEM MODEL

We consider both MU MISO and MU MIMO systems in our design. Wdirat describe
the MU MIMO system model and show that, with our approach, tthasceiver design in

the MU MIMO system is very similar to that in a MU MISO system.

A. MIMO system model

Consider a single base station equipped with transmit antennas communicatirg
independent users. Usérhas NV, antennas and receivds, data streams. Let = >, Ly,
N =Y, Ni. Thei*® data stream is processed by a unit norm linear precodingvagtvith
the global precodeU = [uy, uy, ..., uz]. Letp = [py, pa, ..,pL]T be the powers allocated to the

L data streams and define the downlink power ma&ix diag(p). ||p||1 < Pna: WhereP,,.,

T
_ [T T T
—[Xl,XQ,...,XK} :

The N;, x M block fading channelH/’, between the BS and the user is assumed to be flat.

is the total available power. The overall data vectat is [y, ..., z]"

The global channel matrix i#1*, with H = [Hy, ..., H,]. Userk receives

yPl = HIUVPx + ny, 1)

where n; represents the zero mean additive white Gaussian noiseeatetteiver with
E [nnH] = chINk. We also assuméy {XXH} = I,. To estimate its own transmitted symbols,
from yPL, userk forms

- H. DL
Xy = Vi ¥

HereV, is the N, x L, decoder vector for usér. Figure 1 shows the block diagram of the

proposed system in the downlink. L&t be the/NV x L block diagonal global decoder matrix,
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V =diag (Vy, ..., Vk). Overall
x = VIHYUVPx + Vin
= FTUVPx+Vin (2)
where,n = [an,nzT, . .,n}}}T and to facilitate our analysis, we define thé x L matrix
F=HV withF = [f},...,f,]. The vectord, ..., f, are the effectivel/ x 1 MISO channels

for the individual data streams.

The MSE of thei*" data stream is given by,
Pt = B |3 — ) (3 — x)"]. 3)
The SMSE minimization problem is,

mUZD subject to [[plly < Prass [[uil] = [Ivill = 1 (4)

In designing the precoddy, it is computationally efficient to use a virtual dual uplig. In
this uplink the transmit powers atg= [qq, .., qL]T for the L data streams, while the matrices
U & V remain the same as before. The global virtual uplink powleccation matrixQ is
defined asQ = diag(q) where||q||; < P... SO the received data in the BS in the virtual

uplink is given by,

L
y'h = (Z f/aGw; + n) (5)
j=1
Therefore, data streamis decoded as,
L
GV = ul! (Z f;/qG7; + n) (6)
j=1

Figure 2 shows the proposed system model in the virtual kiplio ensure resolvability, we
assumel < M and L, < N,. From (5), (6) and Fig. 2, it can be seen that our proposed
MU MIMO system has become an effective MU single input midtiputput system in the
virtual uplink.

Uplink Downlink duality states that the same MSEs can bee@d in the uplink and the
downlink, with the same matricds and V and the same power constraint. A recent result
shows that at the optimal solutiop,= q [23].

With perfect channel knowledge, the transmitter iteratetsvbenV and Q and converges
to the the optimum solution using a convex optimization pgobformulation [4]. Then the
precoder finds the optimadl using the MMSE solution [4]. The downlink power allocation
is then set equal t€) [23].
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I1l. MSIP QUANTIZATION AND LINEAR PRECODER DESIGN
A. MSIP quantization

We assume that the receivers have perfect CSI using traifmgthe purposesf quan-
tization only the ;" user choses the quantized codevectfrs, . ,le, that would maximize
the SINR of its receiving data streams. Chosing the besttqeahcodevector is described in
details in the receiver design section. Each user has a coHeatonsisting of2” unit norm
vectorswy, ..., wys. Each user feeds back bits per data stream to the BS. The receivers
individually normalize and then quantize each of heeffective channels using the chordal
distance [13].

f,=arg min sin®(/(f;,W)) (7)

WEW1,.., W,

The use of chordal distance over the Euclidean distances lead higher inner product
between the original and quantized channels [19]. Here, mg guantize the direction of
the effective channel and this direction can lie anywherghm ) -dimensional complex
unit-norm sphere. Therefore, we generate the quantizatdebook as a VQ problem using
the MSIP optimality criterion [19]. Each user at first gertesaa large set of random unit
norm M -dimensional complex vector$, and finds the quantizer codebo6kto maximize
the MSIP,

(W1, Won) = max < £,C (f) >[* ®)

Here,f = C (f) is the quantized effective channel and, - > denotes the inner product.
Details of MSIP VQ codebook generation can be found in [19]ei@ll, we consider the

following channel model at the BS for precoder design,

f=f+f or F=F+F (9)

Here,F comprises. unit-norm effective channel vectors with the original cheidirections.
F denotes the. quantized feedback unit norm vectaFsdenotes the error in the quantization.
We assume that the quantization error makikasL x M independent identically distributed
(i.i.d.) elements with zero mean and a variance";gf Here, 0% is the quantization error
associated with each quantized vedioWe also assume thit is independent ok, n and
F.

Sinces? depends on receiver combining, the details regarding tpeat&d value of this

term in our proposed algorithm will be clarified in the reeidesign and analysis section.
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It should be noted that the channel vector of each user atiatiia takes the form of
f; in the MU MISO case. Therefore, in this case, we just quartiezenormalized channel

using chordal distance and return the corresponding inoleket BS.

B. Linear Precoder Design

The optimumU in the SMSE minimization problem of the system model propgdse9)
and (6) has been solved in the virtual uplink by [24].

u*f = 37\ /g (10)
2
J=FQF" + 0Ly + 2L (g1 + ..+ 1) Ly (12)
So,
e M =1 — gt I (12)

Therefore, the uplink SMSE is,

L
SMSEYE = S e/PM5F

i=1

L L

= Y-y VAR
=1 =1

2 «L -1
= L—tr |[FQFY <FQFH - <cr2 + I = Z]\T q’) IM> }
2 L
— L— M+ <02 + %) tr [Jﬂ (13)

As F is fixed, the SMSE expression is a function of uplink poweoadtionQ.
Proposition 1 :The optimization problem for power allocation,

Q” = mcizn (02 fat -t M+ qr a?E) tr(J71) (14)

subject totr[Q] < Paz, qr > 0 for all & is convex inQ.
Proof: Ding [25] shows that SMSE remains a nonincreasing funcobrSNR if channel
uncertainty is equal and all available power is used becausg) = > | ¢; = P... makes
the term within the brackets a constdnis a positive definite matrix and therefore, the
optimization problem is convex id [26]. SinceJ is linear inQ, it can be readily proved
that the problem is convex ).

The power allocation problem is therefore convex gi#ern the next section we discuss
the remaining problem, the solution f&f (equivalentlyF). This section represents the core

contribution of the paper.
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V. RECEIVER DESIGN

We propose a two step receiver design. For the purposegsiantization onlyeach user
uses a MESC receiver and choses the quantized codeveabmdhld maximize the SINR
of their data streams. However, the users implement MMSEivers while receiving the
actual data. This is unlike the single MMSE solution in [4],[but allows for thechannel

feedback to be independent of the other users’ actions

A. Receive combining with MESC

Before going into the analysis, let us clarify the relatia@iveenF and HV that will be
used interchangably in this section. We assuine H,v; where H,, is the channel of the
k™" user receiving thé'" data stream aneh; is the decoding vector used for thé stream;
u; andu; are the precoding vectors of thi#¢ and ;™ data.

Now, using our quantization policy in (7), we define the qimation angled; € [0, 7] as,

£,

(15)

cosb; =

Here, f; represents the unit norm effective vector downlink chanmelf = H_ifll Heref is
the effective MISO channel for the data stream.
Since, the receivers know exactly the quantization angkecan use this information to

improve the expected SINR. As in [21], define the quantizagaor as,
f; =T - (£F,) 1 (16)

It can be easily verified thaf;||> = sin? 6;. Now the SINR in the downlink for th&" stream
is,
2

P |¢H

D \fHqy |2
o2+ djeljti T £ uy]

In (17) equal power allocation was assumed to simpify theivec combining analysis. Here,

SINRPE = (17)

u; andu; follows the form in (10). Now using (10) and the matrix inverslemma [27],

2 -1
u; = <<02 + UMEPmaac> I+ FQFH> fZ\/@

1 R 1
- = fv/a — - .
02+ﬁEpmaw) <02+%Pmax)
. -1
Pl — L F'%) Fiya 18)
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Here, ||u]| 1. Since the users do not cooperate in our scheme, the qui#orizand
feedback methods implemented by the users need to be inflmpeaf each other. Since
the effective MISO channels of different users are staadlif independent of each other, we
assume different user's quantized channels to be mutuahogonal i.e.f/’f; = 0 where

1 and j indicate data streams that are being received by two diffeusers. Following this
assumption, it can be easily verified from (18) th&uy, = 0.

Since each user knows the inner product of different codéovedn its codebook, the
assumption of orthogonality is not valid for two differemteams of the same user. Therefore,
in our proposed algorithm, each user uses its known codengdte. the effective channels
of its data streams, as a set of column vecfois the F matrix and assumes that the vector
downlink channels for all other users’ stream are mutuattjragonal to its own channels.
We also assume that noise variance, signal power, quaatizatror assumption in the BS
and total number of data streams sent by the BS are known toadabe users. Therefore
due to the construction of (18), each user can find the expeetee off’u; and||u;|| even
without co-operating with other users. Therefore, by sajiey the intra user streams from
inter-user streams, (17) takes the following form,

CIvIHu?

SINRPL = (19)
0%+ Y jer iz 2 IVHFHIW 2 + 3 e jor, 2102
Now,
>ty
jEL,j¢Ly,
2 “HF \ PH =0, |2
= B2 > ||(B7F) £ + £y (20)
JEL,jELy,
~ 2
= &P Y ||f | (21)
JEL,jELy,
_ ~H 2
= |IGIPIEIZ D | u (22)
jEL,j¢Ly,
L—1L,
— fz 2 . 20i 23
162 sin 6, 23)
_ L— Ly 2 He\ (¢H
= o (P = (£78) (£7)) (24)
L — Ly H H FFH
= S (Hf (1- £E7) H,) v (25)

(20) is obtained by taking out the norm fyfand using (16). (21) follows sind?;”uj = 0 for

mutually orthogonal reported channels from different asé22) was obtained by assuming
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E = ll_%ﬂ (23) was derived using the analysis of [21]. In the preseoicéarge number
of codevectorsf; is very small which leads tcﬁiHﬁ- ~ 0. Therefore, the unit vectors;
and u; are both identically distributed in thé/ — 1 dimensional plane orthogonal .
Therefore,||§f{uj|\2 follows a beta distribution with parametér, M/ — 1) and has expected

value [21]. The factor of L — L, arises since thé'™ user is receivingl, data streams

1
M-1
and thereforel, — L, data streams are mutually orthogonal to tHedata stream. (24) was
obtained using the quantization angle definition from of) (155 (25), we again usé = H,v;.

Using the results of (25) in (19) and defining

P L— Ly
B, = fHkH ('E;#'ujuf + 2 (I — fifl.H)) H;, (26)
JCLig,) 7
(19) takes the following form,
SINRPE vELH w,ul Hyv, 27)

0'2 + VZHBZ'VZ‘
Due to the structure ofy; and B;, SINRP” in (27) is a function ofv; and f;Vj € L.
Each of thesé}- vectors are in the codebodK which consists ofv, - - - , W,z codevectors.

Therefore, the linear decoding vectoy andw;V; € L, should be chosen jointly as,
Ly,
(W), vj)Vj € Ly = V]_”ml%;jewjz:jl SINRP* (28)

Here, v; is a complexV,, dimensional vector. Joint optimization for all the dataeatns
of a particular user in (28) will lead to a computational cdexty proportional to(QB)Lk.
One sub-optimal solution to reduce complexity is to find tipeiroum decoding vector and
quantized channel one data stream at a time. This simplifgegtithm is given below:

1. First, assume that intra-user streams are orthogonaiddte vector downlink channel
of the first stream. Therefore, maximizing (27) becomes atmogation problem ofw,,

and Vi, where L,, denotes the first data stream of th& user. So,

P L-1 .
By, = (pH (57— (1= e, W, ) ) 1) @9)
SINRPL — kal (%HkHULkluflek) Vi, (30)
L, o2 4+ vfleLkl Vi,
(Wr,,ovi,, ) = max SINRP" (31)

(Hvalel,v‘valeW
2. Once the quantized channel for the 1st stream is chosenughr assumes this to

be a nonorthogonal channel for the second stream’s vectonlddk channel. However,
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vector downlink channels for the other streams of the sanee aire still considered to be
orthogonal to both first and second stream’s channel. Thugnmang (27) again becomes
an optimization problem with variabte;, andw,, for the present data stream whelrg,

denotes the second stream of e user. So,

P L—-2
BL,C2 = (fHkH (uLklquk1 + V1 (I WLkQWLk )) Hk) (32)
oL Vf’k2 (%HkHuLk2 ufk2Hk) Vi,
SINRPL = = (33)
ko o2 +v L@B Liy Vi,
(WLkQ,vaQ) = max S[]\TRIL),CL2 (34)
(Ilve, NIt €7 )
3. For the 3rd data stream of tih&" user,
P L—3 .
BLkS - (fHkH (uLklugkl T uLk2ugk2 + M—-1 (I WLkSWLk )) Hk) (35)

The other equations will take the similar form of the ones tio&ed in the previous two
data stream’s cases. The same policy will be continued ungtdaist stream of thét" user.
Note that as we increase the assumption of the number of die#ans in the reported
nonorthogonal channels part, the number of componentsanstimmation terny_ ujuf
increases anéj%f decreases. This follows the reasonings explained in theadien of (20)
to (25).

With this algorithm, the SINR expression for a particulatadsiream remains a function of
only its decoding vector and its quantized channel. Thiddda a computational complexity
of L, x 28 in finding the channels of.;, data streams. Now (26) and (27) can be thought
as a general form of all the data stream’s SINR expression&8) and (27), botH; and
u depend on chosen codevecwy. For any particulaw;, the linear decoding vector that
maximizes (27) can be obtained by the MMSE detector= (021 + B;) [HHuZ [21].
Then,

SINRPE = %uZH H, ()1 +B;)  H/u, (36)

The user finds the value off N RPL for everyw; using (36) and choses tiwe, as quantized
channelf;, that maximizesSIN RP~,

It is worth emphasizing that, to our knowledge, this is thetficheme that considers signal
power, inter-user and intra-user interference while anting for multiple data stream per

user.
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B. Receiver Design for data processing

As mentioned earlier, MESC is done for quantization purposely. The base station
determinep andU based on the quantizdtl However, for mutually nonorthogonal reported
channels and a finite number of users, using MMSE receiversldta processing provide

better results than MESC receivers [21]. Therefore,

v, = (H/UPU"H, + 1) Hf'u, /7. 37)
which can be normalized to makév;|| = 1. H is the MIMO channel of the:'" user

receiving thei** data streamu; andp; respresent the designed precoder and allocated power
for the:*® stream. Note that the MMSE receiver cannot be implementgueatme of channel
guantization since the precoder matfikxwas not designed at that time.

The implementation of the decoder mentioned in (37) reguinéinite dedicated symbol
training. Therefore, from a practical point of view, the BBher sends a finite number
of dedicated symbols [28] or uses limited feedforward [29]cbnvey the post-processing
information to the receivers. However, in our simulationg, restrict ourselves to the case

where the users can estimate the effective channels of da&r streams.

C. Overall Algorithm

Using the developments in section (lll, IV-A and IV-B), theegs of the proposed overall
algorithm for SMSE minimization in the MU system are:

1. Send common pilots to the users in the system so that e&chcas estimate its own
channel.
2. Each user generates a separate codebod¥’ ainit norm vectors using MSIP VQ in
off-line. In the MU MIMO case, each user converts its estmdat1IIMO channel to effective
MISO channels using the MESC algorithm proposed in sectA hnd sends the codebook
indexes of the effective channels to the BS. In a MU MISO syisteach user quantizes its
own channel and the BS assuniés= 1.
3. Virtual uplink power allocation:

Q" = minqg (02 + "%E%) tr(J—1), is convex inQ. Here,J follows (11).

4. Uplink beamformingw; = J-'f,/g;, ||w|| = 1
5. Downlink power allocatiorP = Q.
6. Send dedicated pilot symbols for each of the data stredimsreafter, implement the

MMSE downlink decoders using (37)|v;|| = 1 for the i*" data stream.
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The algorithm above results in a precodér decoderV and power allocationp. Note
that the solution is sub-optimal becauSeandp are designed using MESC, not MMSE.

V. ANALYSIS & DISCUSSION
A. Relation to the existing algorithms

As the proposed receive combining technique maximizes xpeated SINR of the data
streams at the user end, it is equivalent to the MESC algoniththe case of one data stream
per user of [21] which was designed for the ZF precoder. Tstithte this, lef,, = 1. Since
intra user interference is not present, all the quantizéettfe channels ifF are assumed
to be mutually orthogonal. Using this in (18) we get,

T N ! P

2 2 t 2
o+ UEPmaz (0'2 + U%Pmam)

-1
<Q_1+ ! I) [1707"' 70]T\/@

0% + 0% Pas
= ¢cX f‘i, (38)

Wherec is some constant. (38) follows sinc{eQ1 + MﬁQl is a diagonal matrix.
Since||w;|| = 1, u; = £; in this scenario. Using this in (19) we find,
v (EHE W WwITHY) v,

o2 + v (PHE (£ (- W,W!h)) Hy) vy
This is the exact same expression obtained in [21] as the MEg@&diner with noise variance
0% = 1. [21] has shown that this algorithm takes the form of MET cawirig at low SNR

and QBC at high SNR. Thus MESC combining of [21] considersaigpower and inter user

SINRPL = (39)

intereference while chosing the code vector. Since we angidering multiple data streams
to each user, our proposed SINR expression in (19) consgignal power, inter user and
intra user interference altogether. Thus our proposedrithgo is a generalized form for

MESC combining with multiple data streams.

B. Quantization error analysis

Due to the structure of the receive combining, the quantimaérror in the quantized
feedback effective MISO channel varies from low to high SNRus, the variance of,
varies, too. In the following, we give a brief explanationtbé quantization error variance

in the high and low SNR scenario.
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Quantization Error at Low SNR

. 2,
In the low SNR region, we can assemeé, > ZjeL,j#% fiHuj‘ in (17). Therefore, the

proposed scheme leads to maximizing signal power. Thusguleatization problem can be
formulated as finding the decoding vector that would maxantize signal power and then
finding the quantized code vector that is closest to the néeviyed vector downlink MISO
channel.

Due to the formulation of the MSIP approach, the error varaof quantization errog2,
is measured in terms of the angle spread between the origmiafjuantized vectors. In [19],
the quantization error of was given the following form,

0125 =F {Sin2 (Z (fz,ﬁ))} < 2#?1 (40)
Since we are only quantizing the direction, not magnituties error variance denotes the
angular spread of the quantized effective MISO channel.

Quantization error at high SNR

In Section V-A, we have shown our proposed algorithm is eajaivt to QBC at high SNR
for one data stream per user. Section VI will show the sinmadf the convergence of this
algorithm to QBC for multiple data streams per user. Theefae analyze the high SNR
guantization error of our receiving combining scheme usivgconcepts of QBC.

When each user receives one data stream, QBC choses theectmaewith the least
quantization error and thus converts a MIMO channel into feecve MISO channel [11].
The quantization error in this case is upper boundedﬁ [11]. Using the same notion,
for a multiple data stream per user scenario, the effectil®@dichannel of the'" stream of
a particular user can be chosen to generate'thieast quantization error with respect to its
original MIMO channel. The expected quantization errorluf " data stream (in terms of

error tolerance) of thé™ user in this method satisfies [11], [30],

—B

0% < i x 27N (41)

Note that the quantization method described in the prevpassage can lead to intra-user
interferrence due to the correlation of two codevectors éduicular codebook. Our proposed
algorithm avoids this scenario by incorporating intra useerference effect in receiver

combining. However, the codevectors chosen for two diffestreams of a user vary with

time and become statistically independent with each otherlong term channel realizations.

Therefore, we hypothesize that the quantization error ofabgorithm matches with the one

given in (41) at high SNR.
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The proposed receive combining scheme incorporates botihcaease in signal power
and reduction in (intra and inter user) interference. Thddroff between these two depends
on the SNR. Due to the adaptive nature of this method, the céegpequantization errors
for intermediate SNR cases are very hard to derive. In ouulsitions we assumed the
guantization error to take the form of (40) at low SNR (0 dB{darhanged this value
linearly with transmitted power so that it converged to tbhinf of (41) at high SNR (30 dB).
Investigation regarding the exact value of the expectedhiigetion error at the intermediate
SNR remains an open area of future research.

In summary, the quantization error of the proposed algerithnges betweed 1 and
i x 27 % . Note that, in most of the cases, both these error varianeesower than the
errors in VQ MSE (which quantizes both magnitude and dioegtiwith 0% > 277 [17].
Therefore, the proposed algorithm quantizes the channetttbns more precisely than the

previously proposed VQ MSE feedback policy.

C. SMSE Analysis

In the absence of quantization error, SMSE of the traditipmecoder [4] (where quanti-

zation error is not considered) is

SMSE = I — M + o*tr [(FQFH + 021M)1]

P —1
LM+t (LFFH + IM) (42)
Lo?

In (42), we assume@) = P"iaf I, i.e. equal power allocation for simplicity of the analydis.
very high SNR, the SMSE approaches zero in (427)ra<s%FFH + IM)_1 is a decreasing
function of SNR. However, with quantization error, if thaginal precoder [4] is used,
L 2

SMSE =3 (1 — /T + T Prca J—2E> (43)
whereJ = FQF” + ¢2I,,. Both ¢;f7 J~'f; and %PmazqifZHJ*2E increase with SNR. Since
the former term is a linear over affine function and the lattea quadratic over quadratic
function of P,,.., at high SNR the latter term dominates and SMSE increasds ShiR,

which explains the results of [17].
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In our proposed algorithm,

2
SMSE = L — M + <ch + L—EPW>

<FQFH + <a2 + ﬁpmwg) IM> : ] (44)

M
—1
Pmax H
=L—-M+tr ; FF” +1y (45)
L (0% + % Prac)
In (45), we again assumed equal power allocation for armlysgi—fmes IS a nonincreas-

L( 02432 Pras
ing function of P,,,.. Thus the proposed precoder makes sure tA;]at SMSE does nedsec
with SNR at high SNR region. Fig 3 illustrates all these @Be&ince, the increase in SMSE
is most apparent in MU-MISO systems due to their lack of diitgr the simulations are
done in a MU-MISO system with independent channel reabrativhereM = 5, L, = 1
Vk and B = 10 bits per data stream. The proposed algorithm clearly stakithe SMSE at
high SNR.

Note that, at very high SNR——Z=s=_ will become constant and make SMSE

2
L o2+2E Py,

saturated. This leads to the following reSLPZ»r a fixed quantization error, the SMSE of
a multiuser system is lower bounded by a fixed value which doeslepend on SNRVNe
call this theflooring effectof multiuser broadcast systems. This is similar to the ogigffect,
in terms of capacity and SINR, seen previously in limiteddfesck literature [18], [17].

To ensure the decreasing nature of SMSE, the receivers balectease the quantization
error proportionately to the increase of signal power. Toisdition can be met by increasing
feedback bit with varying power so thaf %Pmax remains constant. This relation of

feedback bits and varying power was at first noticed in terfinsum-rate in [18].

VI. NUMERICAL SIMULATIONS

In this section we compare our proposed scheme with therigddedback schemes in the
literature. Since our proposed algorithm uses channelress to know the post-processing
information of U & P, we use an MMSE receiver to simulate the other existing #@lyos.
This preserves the fairness of the comparisons since tHerpemce of the system always
improves with an MMSE receiver for mutually unorthogonahghels [21].

As mentioned before, our proposed transceiver for MU - MIMED be readily generalized
to MU - MISO system. In Fig 4, we compare the performance ofpftegposed algorithm to

the existing precoders in a limited feedback MU - MISO systdime proposed algorithm
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performs better than the MMSE precoder [17] by using MSIPn¢jaation and convexity

of the power allocation problem. The traditional SMSE tanger, that ignores quantization
error, performs well at lower SNR, but begins to worsen at 89N15dB. Thus the proposed
transceiver improves over the state-of-the-art in MU MIS@ited feedback precoders.

To the best of our knowledge, coordinated beamforming is anie very few existing
linear transceivers that avoid dimensionality constrairthe MU MIMO with multiple data
stream scenario. In Fig. 5 we compare the proposed algowtitimcoordinated beamforming.
Since coordinated beamforming [9] implements joint trangr design, it performs better
than the proposed algorithm with full CSIT. However, coaated beamforming needs at least
(M? — 1) bits for the feedback o%{‘g. We used 15 bit per data stream in a MU MIMO
system with four transmit antennas. 15 bits per data strea@anml bit per unique scalar
entry of that matrix which is very low. Due to large quantiaaterror, the eigen structure of
the channel gets mangled at the BS [15] which leads to losedbinance. On the other
hand, the quantization error of the fed back vector in theppsed algorithm always remains
less than or equal 9T = 0.03125. Thus, the proposed algorithm performs very close to
its full CSIT curve and outperforms coordinated beamfoignif®] with limited feedback.

In Fig 6 we compare our proposed scheme with other VQ comgpihimited feedback
MU MIMO transceivers. Since to the best of our knowledgestng VQ combining MU
MIMO schemes have not dealt with multiple data streams per, wge stick with one data
stream per user in this comparison. The proposed schemertartps Boccardi MET [12]
and Jindal QBC [11] due to the use of SMSE precoder, adapéigeive combining and
optimal power allocation. Although our algorithm outperfe Boccardi's MESC [21] upto
20 dB, [21] seems to converge at a lower error floor than th@gweed algorithm. This
happens because of the lack of actual quantization erroanag knowledge at the BS in
our proposed algorithm. Due to the adaptive quantizatidicypof the proposed algorithm,
the quantization error variance changes from low to high SsiRce we only quantize the
direction of the effective channels, the quantization rermorm is not fed back to the BS.
Therefore, the proposed SMSE precoder suffers from the ddekror variance knowledge.
The quantization error in Boccadi MESC [21] also changemffow to high SNR but the
BS does need this knowledge due to the use of ZF precoder.

Our proposed transceiver adds to the literature by allowmodfiple data streams per user.
Fig 7 shows the comparison of our transceiver’s performaocether possible methods

that can be implemented to transmit multiple data streamsuper. In Fig 7, Eigen Based
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Combining projects the MIMO channel to its dominant eigetwes to create the effective
MISO channels [31] and QBC choses the set of codevectorsmiiajenerate least amount
of quantization error as effective MISO channels [11]. Theppsed transceiver approaches
Eigen Based Combining at low SNR and QBC at high SNR. Thus tbpgsed algorithm
retains the advantages of both Eigen Based Combining and QBg@roviding a trade-off

between signal power, intra and inter user interference.

VII. CONCLUSION

In this paper, we proposed linear transceiver design in tventink of a MU MISO and
MU MIMO system (with multiple data streams per user) usingSEViprecoder at the BS,
MSIP VQ as the feedback algorithm and MMSE decoder at thewexse However, to encode
the channel information, the receivers use MESC first. INMkeMISO, the individual users
send back the indexes of their quantized channels to therBthelMU MIMO scenario, the
users convert their MIMO channels to effective vector domkaMISO channels to maximize
the expected SINR and then send the indexes of these quamMii®O channels. The BS
uses the quantization error of MSIP in the SMSE precodergdeand finds the downlink
precoder and power allocation vector using a convex opétiia problem. The proposed
designed system was shown to outperform the previouslyiegifinear transceivers in the
MU scenario for limited feedback, while also allowing for Itiple data streams per user.

One possible extention of the present work will be the dethdnalysis of the expected
guantization error variance in the intermediate SNR’s. Wag the receivers find the trade-
off between signal power increase, and intra and inter ugerferrence reduction will give
an insight to analyze this problem.

In this work, only shape feedback is sent to the BS. This isaeable if the average
channel magnitudes of all user is equal. The reason lies enfdbt that the alignment
of precoding vector with channel direction is more impott#man the power allocation.
However, this assumption may remain valid only in a smalllesdading scenario. In a
more practical scenario, different users will be locatedlifferent distances from the BS
and therefore average channel magnitude will be differenthat case, bit allocation in the
channel magnitude will also be important. An extension a&f ghvesent work will be the
optimization of feedback bits among the channel magnitudkdirection information.

Our present work can also be extended to a slowly time varghannel. The temporal

correlation between different blocks can be used to recue@amount of feedback overhead.
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VIII. FIGURE CAPTIONS

1. Block Diagram of Multiuser MIMO Downlink

2. Block Diagram of Multiuser MIMO Uplink with channel and cteder combined as a
whole block

3. SMSE analysis of the proposed precodér= 5, K =5, N, =1, Ly = 1 Vk, B = 10,
QPSK

4. Comparison with previous MU-MISO precoding techniquéhw/ = 4, K =4, L, =1
Vk, B =10, QPSK

5. Comparison with the coordinated beamformig= 4, K = 2, N, =4, L, = 1 Vk,
B =15, QPSK

6. Comparison with previous MU-MIMO VQ precoding technigué¢ = 4, Ny = Ny = 2,
N3 =3, L, =1,Vk, B=15 QPSK

7. Different receive combining techniques with multipletal@atreams per usev/ = 4,
Ny =3, Ly, =2,Vk, B=12, BPSK
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Fig. 1. Block Diagram of Multiuser MIMO Downlink
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Fig. 2. Block Diagram of Multiuser MIMO Uplink with channehd decoder combined as a whole block
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Fig. 3. SMSE analysis of the proposed precodér= 5, K =5, N, = 1, Ly, = 1 Vk, B = 10, QPSK
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Fig. 4. Comparison with previous MU-MISO precoding techudg withM =4, K =4, L, = 1 Vk, B = 10, QPSK
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Fig. 5. Comparison with the coordinated beamformiig= 4, K = 2, N, =4, L, = 1 Vk, B = 15, QPSK
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o M=4,L=[22],N=[3 3], 24 bit per user

Proposed algorithm
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Fig. 6. Comparison with previous MU-MIMO VQ precoding te@ues M =4, N1 = N = 2, N3 =3, L, =1,
Vk, B = 15, QPSK
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Fig. 7. Different receive combining techniques with mukiplata streams per usgf = 4, N, = 3, Ly, = 2, Vk, B = 12,
BPSK
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