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1 Introduction

The preceding chapter considered the design of receivers for Mejiems operating as single-user
systems. Increasingly however, as noted in Chapters 2 and 4, wirelessunication networks operate
as shared-access systems in which multiple transmitters share the same sadioca® This is due
largely to the ability of shared access systems to support flexible admissimeqls, to take advantage
of statistical multiplexing, and to support transmission in unlicensed spectmuhisl chapter we will
extend the treatment of Chapter 5 to consider receiver structures for seujtaund specifically, multiple-
access MIMO systems. We will also generalize the channel model coegitteinclude more general
situations than the flat-fading channels considered in Chapter 5. To tes&t pinoblems, we will first
describe a general model for multiuser MIMO signaling, and then discessrilicture of optimal receivers
for this signal model. This model will generally include several sourcéstefference arising in MIMO
wireless systems, including multiple-access interference caused by tirgsbiaradio resources noted
above, inter-symbol interference caused by dispersive channdlg)tar-antenna interference caused by
the use of multiple transmit antennas. Algorithms for the mitigation of all of thesa tyfiaterference
can be derived in this common framework, leading to a general receivetige for multiuser MIMO
communications over frequency-selective channels. As we shall s Hasic algorithms will echo
similar algorithms that have been described in Chapters 3 and 5. Since omti®iaers in this situation
are often prohibitively complex, the bulk of the chapter will focus on udefuer complexity sub-optimal
iterative and adaptive receiver structures that can achieve exqadigatmance in mitigating interference

in such systems. This discussion is organized as follows.



Section 2 of this chapter will introduce a simple, yet useful, model for theatigeceived by
the receiver in a MIMO system. This model is rich enough to capture the immdré&dnavior of most
wireless communication channels, while being simple enough to allow for thetgfoaigard motivation
and understanding of the basic receiver elements arising in practicdiamitarhis section also derives
a canonical multiuser MIMO receiver structure, discusses sevezeifgpreceivers that can be explained
within this structure, and provides a digital receiver implementation that willseéuliin the discussion
of adaptive systems later in the chapter.

As noted above, complexity is a major issue in multiuser receiver design andmewpiation, and
the remainder of this chapter addresses the problem of complexity redimtiuitiuser MIMO systems.
This complexity takes two forms: computational, or implementational, complexity; dadriational
complexity.

The first type of complexity refers to the amount of resources needed teritept a given
receiver algorithm. Optimal MIMO multiuser receiver algorithms are typicalbhpoitively complex in
this sense, and thus a major issue in this area is complexity reduction. Sectinds43f this chapter
address the principal method for complexity reduction in practical multiuseivers, namely the use of
iterative algorithms in which tentative decisions are made and updated itgrafileere are a number
of basic iterative techniques, involving different tradeoffs betweenmexity and performance, and
depending on the type of system under consideration, and these arbegsn Section 3. In Section 4,
we tackle the additional complexity that arises in receiving space-time cateiissions, such as those
described in Chapter 4, in multiuser MIMO systems. Here, iterative algorithmilasto those discussed
in Chapter 5 provide the answer to finding algorithms that can exploit thespae coded structure with
only moderate increases in complexity.

The second type of complexity refers to the amount of knowledge thakea gaceiver needs to
have about the structure of received signals in order to effect sigoaption. Although, as we will see
shortly, optimal MIMO multiuser reception requires knowledge of the wawe$dbeing transmitted by
all users sharing the channel and the structure of the physical dhiatergening between transmitters

and receiver, this type of knowledge is rarely available in practical vesateultiuser systems. Thus, itis



necessary to consider adaptive receiver algorithms that can opéttadetrguch knowledge, or with only
limited such knowledge. Such algorithms are the topic of Section 5 of the chisyptérich the structure
of adaptive MIMO multiuser receivers is reviewed.

The chapter will conclude in Sections 6 and 7 with a summary and pointersitimadtreading

of interest in this general area.

2 Multiple-AccessMIMO Systems

As noted above, this section will provide a general treatment of the multiuBdOMeceiver design
problem. Here we will focus on modeling and on the structure of optimalvexsiln doing so, we will
expose the principal issues underlying the reception of signals in multius¢®©Mystems, and also will

set the stage for more practical algorithms developed in succeeding section

2.1 Signal and Channel Models

In order to discuss multiuser MIMO receiver structures, it is useful & ipecify a general model for
the signal received by a MIMO receiver in a multiuser environment. ($gelr) In doing so, we will
build on the signaling model developed in Chapter 1, and in particular ourlrisoale abstraction of the
physical channel described there that is especially useful for thmpes of this chapter. Specifically, a
useful received signal model for a multiuser MIMO system havingctive users) transmit antennas

and My receive antennas, and transmitting over a framB afymbol periods, can be written as follows:

K My B-1

o) =D brmli] gramp(t — iT) + mp(t), p=1,..., Mg, (1)
k

=1m=1 =0

where the various quantities are as follows:

e 7,(-) = the signal received at the output of thi& receive antenna,
e by, [i] = the symbol transmitted by uskrfrom its m'™ antenna in theé'® symbol interval,

® gr.mp(-) = the waveform on which symbols from the'" antenna of usek arrives at the output

of thepth receive antenna,
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Figure 1: A Multiuser MIMO System.
e T, =the symbol period, and

e n,(-) = ambient noise at the" receive antenna.
Each of the waveformg; ,,, ,,(-) can be modeled as

Gy (t) = / " sk (W) fromo(t — u)du, @)

—0o0

where
e s;..m(+) = the signaling waveform used by ugeon itsm'® antenna, and

e fr.mp(-) =the impulse response of the channel betweemtheransmit antenna of usérand the

p'h receive antenna output.

Thus, we are assuming linear modulation and a linear channel model, bdticbfave reasonable
assumptions for wireless systems. Note that, singe,(-) does not depend on the symbol indéx this
model, we are implicitly assuming here that the channel is stable (and time-inyakianthe transmission
frame (which isBT; seconds long) and that the transmitters use the same signaling waveforrh in ea
symbol period. The first of these assumptions is valid for the coherence éintesignaling parameters

arising in most systems of interest, while the latter is often violated, particularlglinlar systems.
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However, with the exception of the adaptive methods of Section 5, this timdiwaria not difficult to
incorporate into any of the results described in this chapter, and is omittedidnéhe sake of notational
simplicity. (See, e.qg., [46]).
In order to minimize the number of parameters in this model, we will assume that tiadisg
waveforms are normalized to have unit total energy, i.e.,
o0
/ [skm®]?dt = 1, k=1,....K ,m=1,..., Mp. (3)
—o0
In reality, the actual transmitted waveforms will carry differing and noit-anergies, reflecting the
transmitted powers of the various users’ terminals. However, from thagamoint ofreceiverdesign,
the critical scale parameter is the received power of a user, which widlrdkepn the user’s transmitter
power and the gain of the intervening channel. Thus, itis convenient todillregaling of the signals into
the channelimpulse responfe,, ,(-), and to simply assume normalized waveforms (3) at the transmitter.
Again, from the receiver’s point of view, it is impossible anyway to sefmthe effects of channel gain
and transmit power on the received power. Also for convenience, Wwassume that the transmitted

waveforms have duration of only a single symbol interval; i.e.,
Sem(t) = 0, t ¢ [0,T] . 4)

As with the normalization constraint (3), this assumption does not removeam®@yality since received
waveforms that extend beyond a single symbol interval can be modeledspiersion in the channel
response.

A typical and useful model for the channel response is as a discrete athltippdel:

L
fk,m,p(t) = Z hk,m,p,ﬂ 5(t - Tk,m,p,f) ) )
(=1

whereé(-) denotes the Dirac delta function, and wheys,, ,, » andry ., ,, > 0 denote the channel gain

and propagation delay, respectively, of #& path of the channel between thé" transmit antenna of



userk and the output of the'! receive antenn&.In this case, the waveformg ., ,,(-) are of the form

Temp() = D hkmpt Skm(t = Thmpt) - (6)

That is, in this model, the waveform received at a given receive aagefrom a given transmit antenna
m of a particular usef: is the superposition of. scaled and delayed copies of the wavefarm, (-)
transmitted from that antenna. Except where noted otherwise, we willnegstius particular model for
the channel response in the sequel.

The signaling waveforms, ,,,(-) can take many forms. Although these waveforms can be though
of as being generic in our discussion, a quintessential example is the e@sielinthe transmitted signals
are in direct-sequence code-division multiple-access (DS/CDMA) formhis is a very widely used
signaling format in wireless systems (used notably in both major 3G cellularastis)d and is the
example used in the simulations discussed in succeeding sections of thig.chrafite notation of this

section, this format can be described as follows.

DS/CDMA Signaling In the DS/CDMA format, the signaling waveforms used by all transmitters are in

the form of spread-spectrum signals; i.e., the wavefofms,, ()} of (1) are of the form

N-1
Skom (t c wt—j—l) e), 0<t<Ty, @)
7=0
whereN is the spreading gain of the syst 0) c,(:?)n, e ,c,g]\;;l) is the spreading code (or signature

sequence) associated with thé? transmit antenna of useét 7. = T, /N is the chip interval, ana(-)
is a chip waveform having unit-energy and approximate durdfiofFor a general discussion of spread-
spectrum signaling, see, e.g., [48].) In studying this format, the chip wawef(-) is often modeled as

a unit-energy pulse of duratidfi; i.e.,

1
o = Ve LETd @®)

0, otherwise

For simplicity, we lump the effects of the radio channel itself and the anterspmnse into the same tefm,, , ¢. Often
these two terms can be separated (see, e.g., [46]). Howevemetjty is lost in lumping these effects together for the purposes

of analysis and exposition.



Again, most of the results of this chapter apply to general signaling wawsfoand it is not
necessary to particularize to this specific format except where notetholtid also be mentioned that
these signaling waveforms, the symbols, the noise, and the channeisespoay be taken to be complex
(rather than real as is tacitly assumed here). We will not need this genddyntil Section 5, and so
we will defer discussions of needed modifications (which are minor) until. thecomplex version of
the above model can be found in [46], which allows for two-dimensionaladigg constellations, such
as QPSK and QAM, to fit within this model.

As an additional assumption, we assume that the ambient noise proegSgep = 1, ..., Mg,
are mutually independent white Gaussian processes with common speiginabiieWe also assume that
the transmitted symbols take values in a finite alphabetntaining|.4| elements. Beginning in Section
3, we will specialize this to the binary antipodal caée= {—1, +1}. This is primarily for convenience,
as most of the results in this chapter hold for more general signaling alghabe

Finally, we note that\/;, B and L in the above model could vary from user to user, while
could also vary from antenna pair to antenna pair. However, againnfiplisity, we will assume them
to be constants, as the extensions of the discussions in the chapter todhasmatant cases are quite

straightforward.

2.2 Canonical Receiver Structure

A basic MIMO multiuser receiver structure can be usefully decomposedtwigparts: a front-end
(or hardware) part, and a decision algorithm (or software) part. dctwe, these pieces may not be
completely distinct, as much of the front-end may be implemented in softwarepibtltef purposes of
exposition, it is a useful decomposition.

A canonical front-end for such a system can be derived based trethwey of statistical inference.
In particular, it is of interest to examine the so-calléeglihood functionof the observations (1) given

the collection of transmitted symbofby. ,,,[i]},_, Due to the assumption of

LK m=1,....Mrp; i=0,....B—1"

white, Gaussian noise, the logarithm of this likelihood function is given (upstwadéar multiple) by the



Cameron-Martin formula [29] to be:

K Mr B-1 Mt B-1
Z Z Z bk m ka - = Z Z Z bk,m[’i]bk/’ml [i’]C(k,m,i; k’,m’,i') N (9)
k=1 m=1 i=0 k,k'=1 mm/=1 4,i’=0

where, fork =1,..., K, m=1,...,Mp,andi =0,...,B — 1,

L o
Zhm| Z Z hkvmyp,f/ Tp()Skm(t — Thmpe — iTs)dt (20)
(=1 p=1 —oo
and fork, k' =1,....,K, m,m’ =1,...,Mp,andi,i =0,...,B—1,
P L oo
Ok, m, i; k', m', &) = Z Z kom0t i p 7 / Sk,m (0= Th,m,p,e—0Ls ) Skt s (t*Tka/,p,E/*i/Ts)dt.
p: : —00

(11)

Although the expression (9) may seem somewhat complicated, the key thiotg mbout it is that
the antenna outputs, (t), r2(t), . .., p(t), enter into the likelihood function only through the collection
of “observables™{zm i} ,_; k. me1.. rp:izo...p_1- THiS Mmeans that this collection of variables
is a sufficient statistif29] for making inferences about the corresponding set of transmittetbals
{Ok,mlil} iz 1. met... My i=0....5—1 > Which implies in turn that all attention can be restricted to this
set of observables when designing and building systems or algorithmeruodllating and detecting
the transmitted symbols.

Before turning to some types of algorithms that we might use for this purfidgseyorthwhile

to examine the structure of this set of observables a bit more closely.tlaysar, it can be seen that (10)

consists of three basic operations:
1. integration to obtainzy, ;5. ¢[i] = [ 7p(t)Skm (t — Tempe — iTs)dt ;
2. correlation to obtainyy, ,, ¢[i] = 25:1 Pk pt Tom.p.eli] ; @and
3. summation to obtainz, ,[i] = S0, Ykm.eli].

The first operation is anatched filteringoperation, so that we see that each received antenna
output is filtered with a filter that is matched to the waveform received on jgaithfrom each transmit

antenna in each symbol interval of each user. Thus, ther&axeM i x B x L x My matched filter



outputs, which we can think of as being produced by a bank of linear fikach of which is sampled at
the end of each signaling interval; i.e., samples are taken at iilyder : = 0,..., B — 1.

The second operation, in which the matched-filter outguis,, ,, ¢[i]} are correlated across the
receive antenna array with the channel/antenna dips, ,, +} , can be viewed as a form beamforming
through which the spatial dimension afforded by the receive array isigegh. Since the terms, ,,, ,, ¢
also incorporate channel gains, this is not strictly a simple beamformingtagreimgeneral, but it has a
similar effect of coherently collapsing the spatial dimension of the arraye Mat, after beamforming,
there arei x B x L x My observables.

Finally, the third operation, in which the beamformer outduts,, [i]} are added, is multipath
combiner or Rake operation through which the spatial dimension introduced by the atbltpannel is
exploited. Typically a Rake receiver also includes a correlation with thereHanultipath coefficients.
This is being done here as part of the beamforming operation. So, the aimbiof the second and
third operation is equivalent to beamforming followed by Rake combiningtlsccombination might
be decomposed in other ways in practice. After this third operation, thei€ ar M x B observables,
one for each symbol in the frame of each user.

These three operations constitute the (hardware) front-end of aicahowultiuser receiver, as
illustrated in Fig. 2. This front-end is sometimes known aspace-time matched filteNote that,
although this structure may seem complicated, it is essentially composed cdrstaxasnmunication-

system components: matched filters, beamformers, Rake receivers.

iT,
—[Temporal [x .| geam | | — — 010 ...
' Matched " lFormers [ |RAKEs | Decision — 110 ...
Filters ! gom :{km}| :| Logic :
_J tkmibpl L L - 011

K M; L Mg K M; L K M,

Figure 2: A Canonical MIMO Multiuser Receiver Structure.

It is noteworthy that this formalism and general front-end structurerapesses three standard

interference-mitigation problems in communications. To discuss this point, it falusedefine the
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parameter

A = ’Vmaxk;7m,p,7{{7-k7m7p,e}—‘ ’ (12)

where[z] denotes the smallest integer not less thar is the maximum delay spread of the wireless
channels (5) in units of symbol intervals, and is thus the maximum extent to w§richols of a given user
interfere with one another. Returning to the general receiver stru¢hgease in whictl' = My =1
andA > 1 is the channel equalization problem studied notably in the 1970s; the\¢ase A = 1 and

K > 1is the traditional multiuser detection problem, studied notably in the 1980s; aily fine case

in which K = A =1 andMy > 1is the standard MIMO communications problem, exemplified by the
BLAST architecture studied notably in the 1990s. Combinations of thesdegpnskand refinements on
them have been mainstays of research and development in digital commurs¢atmighout the past few
decades and continuing to the present day. The applicability of the restiits dhapter to these various
problems, both individually and jointly, is worth keeping in mind in the subsetlieoussions. Thus, the
receiver architectures described herein can be applied other thamltigser MIMO communications

setting, and many of them generalize solutions to the more particular casdsabote.

2.3 Basic MUD Algorithms

As illustrated in Fig. 2, the{ M B outputs of the canonical multiuser front-end are operated upon by a
decision algorithm whose purpose is to infer the values ofié, B transmitted symbol&by, ,,, [i] } . This
decision algorithm can take many forms, ranging through the full toolbotatiEtical signal processing:
optimal algorithms based on maximum-likelihood or maximarposterioriprobability criteria, linear
algorithms, iterative algorithms, and adaptive algorithms. Each of theseiqeelsnwill be discussed
briefly in the following paragraphs, and counterparts to these algoritherdisoussed in Chapters 3 and

5. However, before discussing these types of algorithms, it is usefuistoeitamine the relationship
between the observablgs; ., [i]} and the corresponding symbdls; ,,,[¢] } to be inferred. To do so, itis

convenient to collect the symbols intdé) /7 B-long column vectob by sorting the symbol$by, .., [¢] }
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first by symbol number, then by user number, and finally by antenna nuibat is,
b = . (13)

where

bli] = _ (14)

with

el = | | (15)

by v [1]

Similarly, we can denote by the set of observationgz;, ,,,[i]} collected into ak’ My B-long column
vector indexed conformally with. We can also define & M1 B x K My B cross-correlation matriR.
whose(n, n')-th elementis given by the cross-correlat®©(k, m, i; k', m’, i") from (11) where the indices
are determined by matching with the corresponding elemerigof, equivalentlyz); i.e., b, = by ]
andb,; = by py[i'] With n = [iK + (k — 1)|Mr +mandn’ = [i'K + (k' — 1)]Mr + m’.

With these definitions, the observables and transmitted symbols can be relates amother
through the relationship

z = Rb + n, (16)

wheren denotes & My B-long noise vector having th&” (0, 5°R) distribution. (Here0 denotes a
K M~ B-long vector having all components equal to zero.)

As a simple example, we can consider the flat-fading, synchronousinaséijch all signals
arrive at the receive array with the same symbol timing. This corresgortds discrete multipath model

of (5) with L = 1 andy , ¢ = 0.
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Srmp(t) = hiempa 6(t) - (17)

In this case, the matriR is a block-diagonal matrix having identical blocks along its diagonal,
each of dimensioi M+ x K Mr. These square sub-matrices contain the cross-correlations between the
signals received from the different antennas of the different uSsrsfor example, in this case, the first
block is given by

o P
R, = /OO Skam (8 (D)t X Y e gmpt by g p1 o’ = 1,2, KMy, (18)
p=1
where the indices andn’ correspond, respectively, to antennaof userk and antennan’ of userk’,
both in the zeroth symbol interval. This block is then repedseiimes along the diagonal @&. This
example is further illuminated by considering the single-receive-antersea(kd; = 1), in which this
first diagonal block simplifies to

o0
Rn,n’ = / Sk,m(t)sk’,m’ (t)dt Ak‘,mAk/,m/ y 1, ’I’L/ = 17 27 s 7KMT ) (19)

with Ak,m = hk,m,l,l forkm=1,..., K,Mp,n= (k‘ — 1)MT +m, andn’ = (k/ - 1)MT +m/. This
block is thus of the form:

ARA (20)

whereA is a diagonal matrix having the received amplitudes, . . ., A1 arp, A2.1, -, Ao vy - ARty - AR My
on its diagonal, and whetR is thenormalizedcross-correlation matrix of the signaling multiplex:
oo

R, = / Sk () Sk s (B)dE , nyn' =1,2,..., KMy . (21)

o0

For example, in the DS/CDMA case of (7)-(8), this normalized cross-matgiven by
L= 00
R, = N ZO ck{mckj/’m, ,n,n' =1,2,..., KMy ; (22)
j=

that is, the normalized cross-correlation matrix is determined by the crosdatmns of the spreading
sequences used by the system. The specific structure of this matrix depertw the spreading

sequences are allocated to the various users’ antennas. In some sydtamgnnas of the same user
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use the same spreading code, while in others, different spreading amlased for all antennas. As an
example, if the spreading codes are so-calledequences (see, e.g., [48]), tep,, = 1 for antennas
using identical spreading codes aﬁqm/ = —1/N, for antennas (and users) using different spreading
codes.

In the general case in which the channel is not flat or the users asymcitronous, the block
diagonal form of this example becomes a block Toeplitz form, as will be disclim Section 3. From
(16) we see that the basic relationship betwe@mdb is that of a noisy linear model, and so the basic
problem to be solved by the decision algorithm in Fig. 2 is that of fitting such a&mdad first glance,
this appears to be a rather straightforward problem, as the fitting of lineaglsisda classical problem
in statistics. However, the difficulty in this problem arises because the Vettdoe chosen in this fit has
discrete-valued elements (e.g:1), and this significantly increases the complexity of fitting this model
(16).

In general, the most powerful techniques for data detection are maximulihdiée (ML) and
maximuma posterioriprobability (MAP) detection. ML detection makes inferences about thernriies!
symbols in (1) by choosing those symbol values that maximize the log-likelihoadidn of (9). To get
a sense of this task, it is useful to use the compact notation of (16) to reeiteg-likelihood function
(9) as

blz — %bTRb . (23)

So, the ML symbol decision solve the optimization problem:

1
max [sz — —bTRb] , (24)
beB 2

whereB = AXMrB_The optimization problem (24) is an integer quadratic program, which is kiown
be an NP-complete computational problem. Since the size of the seaiglisggdtentially enormous at
|A|EMrB solving this problem appears to be impossibldowever, for most practical wireless channels,
the matrixR has many zero elements which reduces the complexity of this problem sigtijfictm
particular, assuming that the signaling waveforfss,,(-)} are limited in duration to a single symbol

interval, and given the finite multipath channel model (5), the m&riz a banded matrix, meaning that

2Typically, K might be dozens)/+ several and3 hundreds.
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all of its elements are zero except on a certain number of diagonal®.j.§:,= 0if [n —n| > KMrpA,
where agair is the maximum delay spread of the wireless channels (5) in units of symbaofdigét 2).
This bandedness allows for a complexity reduction from the ordedgf*r5 needed to exhaustively
search for the ML solution, to the order jod| XM74 (per symbol) to search via dynamic programming
(see, e.g., [30]). Although in most wireless channels the maximum delagidsfrés much less than
the frame lengthB, even this reduced complexity is prohibitive for most applications as the exypon
KMy A could still be fairly large in a typical situation with dozens of users, a fewrarate per user,
and a few symbols of delay spread. The ML detector is sometimes referasdhe jointly optimal (JO)
detector.

MAP detection is applicable to situations in which the receiver knows a pratrgtnility distri-
bution governing the values that the transmitted symbols may assume. In this sitita§gossible to
consider the posterior probability distribution of a given symbol, conditiamethe observations, and
to infer that value for each symbol that has maximarposterioriprobability (APP). That is, a given

symbol, say,, is detected ak, according to the following criterion:

by = P(b, = . 25
are {0, = als) (25)

Using Bayes’ formula, we can write the APP as

> _beB,., {(z[b)w(b)
ZbEB {(zb)w(b)

wereB,, , denotes the subset 5fin which then'" coordinate is fixed at, w(b) is the prior probability

P(b, =alz) = (26)

of b, and/(y|b) denotes the likelihood function afgivenb :
((z|b) = e(P"=— 3pTRb)/0? (27)

Commonly, it is assumed that the symbol vedbois uniformly distributed in its rang®; i.e.,
that
w(b) = |A|~EMrB (28)

This assumption is equivalent to assuming that all the symbols are indepandedentically distributed

(i.i.d.) from time to time, from user to user, and from antenna to antenna, anettlasymbol is chosen
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equiprobably among the elements.4f This assumption is not always valid, as we will discuss below.
However, when it is valid, the prior distribution drops out of the computatidh® APP, and the MAP

criterion becomes:

by = .
n = argqmax »  ((z[b) (29)
beBn,a

(Note that the denominator in the APP (26) is irrelevant to the maximization sinoestribt depend on
the value of any individual symbol.) The MAP detector is sometimes termed thaduadlly optimal
(IO) detector since it chooses each symbol decision according to a-siymleol criterion.

Like the ML detector, the computation of symbol decisions using (29) is gén@rohibitively
complex. In particular, we note that computation of the APP for each indiVisigmbol value involves
a summation over,4t|1’“‘4TB—1 values of the symbol vector. Also like ML detection, however, this
complexity can be reduced via dynamic programming to the orded gf»74 operations per symbol
when the channel has delay spread\ofymbol intervals [30, 39].

As we see from the above discussion, the basic complexity of ML (JO) d? @) data detection
is quite complex, on the order Gfl|X*r2 gperations per detected symbol. So, the complexity grows
with the number of users, the number of antennas, and the channel l&ngtioteworthy that this issue
is present even in the single-uséf & 1) case, the single-antenna cadé;( = 1), or in the flat-fading
case A = 1). Only if all of these conditions is missing do we get a simple detector strucidrieh

reduces in either the ML or MAP case to a simple quantization:

Bn = Q(zn)> (30)

where the quantizep : R — A. For example, in the case of binary antipodal symbdis<{ {—1,+1}),

we take( to be the signum function:

-1 z2<0
Q(z) = sgn(z) = : (31)
+1 2>0

Since data detection must be performed on a relatively limited computing platfe;na com-
munications receiver) at essentially the rate of data transmission (i.e., termugatius of kilobits per

second), it is of interest to consider alternatives to the optimal detectscsiloed above. One family

15



of such detectors are thimear multiuser detectors, which seek to balance the simplicity of the simple
detector (30) with the power of 10 or JO detection. In linear detection, thisdsraplished by first

multiplying the sufficient statistie by a suitably chosen square matrix, and then quantizing the result:

bn = Q(vn) , (32)
where
v = Mz (33)

and whereM is a KMrB x KMpB matrix. This type of detector is illustrated in Fig. 3. Various
types of detectors can be implemented through different choices of the ivatiThree key ones can be

described as follows.

h— —> —> >
— " Linear | L,
Decision [ : :
: = |Transformation - | Quantizer
Logic LT :

Figure 3: Linear Multiuser Algorithm.

Space-Time Matched Filter/Rake ReceivEhe simplest example of a linear detector arises from choos-

ing M to be theK M1 B x KMy B identity matrixI, in which case the linear detector reduces to the
simple detector of (30). This detector is a classical space-time matched fikdrarewhich is optimal in

an additive white Gaussian noise (AWGN) channel. A flaw of this recédvdrat it addresses only the
ambient noise, while ignoring the cross-correlations between the sigfedsirag different symbols; i.e.,

it ignores the off-diagonal elements Bf.

Decorrelating (Zero-Forcing) ReceiveNoting from (16) that the mapping from transmitted symbols

b to the observables is in the form of a (square) linear transformation plus noise, a naturatta®te
strategy is a zero-forcing detector that eliminates the interference emhottiedross-correlation matrix
R.. Assuming thaR is non-singular, this can be implemented as a linear detectoMita R~'. The

resulting detector is known as thecorrelator The decorrelator thus quantizes the varialvles Rz,
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which are given by

Note that, as expected, these transformed observables are freeefi§iateinter-antenna, inter-symbol)
interference. However, this receiver is the opposite extreme of the ndafitiee receiver, in that it is
tantamount to ignoring the ambient noise to suppress the interference. stsintard properties of the

multivariate Gaussian distribution, the noise terms in (34) is distributed acgaalin
R'n ~ N (0,0°R7") . (35)

Depending on the structure & the inverséR ! can have very large diagonal values, leading to noise
enhancement and consequent high error rate. (This problem is vaslirkin the context of equalization
[33].) The assumption th& be invertible is not overly restrictive in general R$s at least non-negative
definite. However, there are nontrivial situations in wHitban be singular, in which case the decorrelator
is not a viable structure.

MMSE Receiver While the matched filter addresses the ambient noise and the decorrethessas the

interference, the minimum-mean-square-error (MMSE) multiuser deteftot®f compromise between
these two impairments by selecting the transformaiibsuch as the vecter = Mz is an MMSE estimate
of the symbol vectob. For this criterion to make sense, it is necessary to provide a prior modbl for
On making the common assumption that the elementsare of zero mean and mutually uncorrelated,

the MMSE detector corresponds to the following choice of the maiFix

1

M = (R + ¢°I) (36)

where, as beford,denotes théd M B x K My B identity matrix. Note that, itis clear from this form that
the MMSE detector represents a compromise between the matched¥llter ) and the decorrelator
(M = R™!), in which the action of each is tempered with the action of the other. The elaix of
these two is controlled by the noise level (or more properly by the signabitematio (SNR), as the
signal strength is incorporated inR). When the interference is dominant (i.e, for high SNR), the MMSE
detector mimics the decorrelator, while when the ambient noise is dominant (ilewf8NR) it mimics

the matched filter. More generally, it balances between these two.
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In general, the complexity of linear multiuser detectors is that of matrix inversibich is on the
order of (K M B)3. As with the ML and MAP solutions, this complexity can be reduced by exploiting
bandedness in the case of short delay spread. In some cases, thliexitympay also be amortized over
many frames. However, for most wireless systems, such amortization iossibfe as the signaling
waveforms, the user population, or the channel parameters may chrangdréme to frame. Thus,
although the order of complexity here has been reduced from expdnengpalynomial, complexity
is still a concern for practical systems. Moreover, in both linear and reelioases, constraints on the
transmitted symbols imposed by space-time coding or temporal channel cadiada to this complexity
substantially [30].

For these reasons, a number of other techniques for multiuser receptierbben developed,
with the objective of reducing computational complexity while maintaining gootbpaance in the
presence of multiple-access interference. The principal technigdeifog this is to make use of iterative
algorithms to fit the linear model (16). This can be done either linearly with &dumntization (i.e.,
iterative linear detection), or nonlinearly with inter-iteration quantization ($ones known as interfer-
ence cancellation). Section 3 of this chapter will address this issue in saaiefdemultiuser MIMO
systems. When further complexity is introduced by channel coding, iteratjorithms such as those
described in Chapter 5 (in this case “turbo” style algorithms) again allovwielknt performance with
moderate complexity. This topic is addressed in Section 4.

As noted above, another form of complexityingormationalcomplexity, which arises from the
need to know the received waveforfig, ., ,(-)} in the model (1) for the received signal. There are
two potential problems with this requirement. One is that the channels interviii@ngansmitters and
receiver are typically dynamic and behave in a apparently random fasBio, the channel parameters
(assuming the channel can be parameterized) are not readily knownrac#ieer. Another problem is
that the signaling waveforms of all users may also not be known to theveede€cause, for example, the
receiver may only be intended to receive a subset of the users. Inedibe, it is thus necessary for the
receiver to be able to adapt itself to those properties of the signaling eménat that it does not know.

Receiver structures for this purpose are described in Section 5 ohtyiéer. In preparation for this latter
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treatment, we turn briefly, in the following sub-section, to a discrete-time modéhé received signals

considered above that is more suitable for developing and discussimgdaptive receiver algorithms.

2.4 Digital Recelver Implementation

For receiver implementation, and particularly for the adaptive algorithms tlisbassed in Section 5 of
this chapter, it is useful to consider a digital representation of the signdlsiaservables that we have
described in the preceding paragraphs. This type of representatiguidally obtained by projecting
the received signals (1) onto a finite set of functions arising from a mad&hich there are finitely
many degrees of freedom in the signals of interest. (Most practicallsigmaethods have this property.)
In this sub-section, we will particularize the above structures for this situaéind in particular will
consider the common case in which the signaling waveforms are in the DS/CDN#af, described
above and in Chapter 1. This model will then be used exclusively in Sectbthis chapter. It should
be noted, however, that similar techniques can be applied in any systenmgllimwa finite-degree-of-
freedom model. A notable alternative example to DS/CDMA is the case of anttabfrequency-division
multiple-access (OFDMA) systems, in which the incoming signal can be desad@dong orthogonal
sub-carrier signals using the discrete Fourier transform (DFT).

Recall that, in the DS/CDMA format, the signaling waveforms used by all trangsnéte in the
form (7). Here, we consider this format in the particular case wherehipaxaveform is the unit pulse
of (8). For this type of system, a natural set of observables can baetithy projecting the received

signals of (1) onto time shifts of the chip wavefoif-):

0o (J+1)Te
L] —/ v (£)0b(t — 5TVt = /] ro(@)dt, §=0,1,... . (37)

o0 jTe
If the system delays are all integer multiples of a chip interval (this is termedcthip-Synchronous”
case), then no information is lost in this operation, as the outputs of the mdtiteetank of Fig. 2 and
hence the sufficient statisticcan be extracted from these observables. In the chip-asynchroases
inferential information may be lost in performing this operation. However, Itss is often minimal
and the signal-processing advantages of reducing the observatiodstoete-time sequence outweigh

this. (An alternative for the chip-asynchronous case is to integratestvgter time intervals and thus
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effectively to over-sample the signal; however, we will not consider thisl lef detail here. For further
discussion, see [46].)

As noted above, in the chip-synchronous case, the sufficient stattstitbe written as a function
of the observableér,[;j]} and thus the ML and MAP detectors are functions of these observabless a
the linear detectors described in the preceding sub-section. In the latéeit asometimes convenient
to combine all of the linear processing of the receiver front end andabisidn algorithm of Fig. 2 into

a single linear transformation, in which case symbol detection is of the form:

brmli] = Q ZZwkmp : (38)

p=1 j
where the coefﬁcient%w,(gzn’p[z‘}} are chosen appropriately. This structure is one that can be adapted
using standard adaptive algorithms to adjust the weighting coefficients. uilthitnere are a number of
issues surrounding such adaptation, such as the decomposition of apdtteimporal combining, this
structure is the essence of many adaptive algorithms for multi-antenna, mutegsever design. An
extensive treatment of this problem can be found in [46], and we willidenparticularly the MIMO

case in Section 5.

3 lterative Space-time Multiuser Detection

Advanced signal processing such as multiuser detection, typically immgstsn performance atthe cost
of computational complexity. As noted in Section 1, the optimal maximum likelihood) (Mlltiuser
detector has prohibitive computational requirements for most curreticappns, and consequently
a variety of linear and nonlinear multiuser detectors have been propossakéothis computational
burden while maintaining satisfactory performance [38, 46]. Howevemany situations where the
combined system has large dimensions (e.g., large array size, large piedagl, darge user population,
and combinations of these conditions), direct implementation of these subofaahaiques still proves
to be very complex. In this section, we discuss iterative techniques foregeffispace-time multiuser
detection in MIMO systems [45, 8, 7]. Iterative methods are among the mastiqal techniques for

multiuser detection. For example, an implementation for 3G cellular systems ishaesicr[19].
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3.1 System Model
As noted in Section 1, we can restrict attention to the following system modeEge(16)):
z=Rb+n, (39)

whereR is the cross-correlation matrik,is the symbol vector, anal is the background noise at the input
to the decision algorithm of Fig. 2. An optimal ML space-time multiuser detector witimiae the log-
likelihood function of (23), and the computational complexity of this maximizationrisagor concern,
particularly when the system dimension is large. In the following, we will useltpath CDMA channel
for illustration purpose, but the techniques discussed can be readligapp other equivalent MIMO
scenarios as well. In principle, the computational complexity of ML detectiowgexponentially with
the size ofR, which for a multipath MIMO multiuser channel is proportional to the numbersefsix,
the number of transmit antennasé;, and the data frame lengtB. As the data frame length is typically

much larger than the multipath delay spreadR. exhibits a block-Toeplitz structure exemplified as

[ RO Rl RIA |
R RO RO RIA
R = R4 RO RIA] . (40)
Rr=A ... gpEEU RO RO
Rr=21 ... R RO

As noted in Section 1, dynamic programming can be used to reduce the compaltetimplexity of ML
detection toO(].A|XMr4) per transmitted symbol. This computational requirement is still prohibitive

except for very small values ¢#4

, My, AandK.

3.2 lIterativeLinear Space-Time Multiuser Detection

In this section, we consider the application of iterative processing to the imptatiza of various linear
space-time multiuser detectors in algebraic form. After an introduction to thergleform of linear
space-time multiuser detection (ST MUD), we go on to discuss two genersdaghes to iteratively

solving large systems of linear equations. Subsequent sections will tnelatear iterative methods.
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As noted in Section 1, linear multiuser detectors in the framework of (39)fdhe dorm

~

b = sgn(Re{Mz}), (41)

whereM is a linear detection matrix. For the linear decorrelating (zero-forcingctigtehis matrix is
given by
M; =R, (42)

while for the linear minimum-mean-square-error (MMSE) detector, we have
M,, = (R+c%I)"L. (43)

Direct inversion of the matrices in (42) and (43) (after exploiting the blookplitz structure) is of
complexityO((K Mr)? BA) per user per symbol.

The linear multiuser detection estimates of (41) can be seen as the solutionesdreeljuation
Cv =1z, (44)

with C = R for the decorrelating detector aiti= R + oI for the MMSE detector. Jacobi and Gauss-
Seidel iteration are two common low-complexity iterative schemes for solvingrlempaations such as
(44) [14]. If we decompose the matiZ asC = C, + D + Cy whereC, denotes the lower triangular
part,D denotes the diagonal part, a@i; denotes the upper triangular part, then Jacobi iteration can be
written as

Vi = —D7H(Cp + Cy) V-1 + D'z, (45)
and Gauss-Seidel iteration is represented as
Vim=—(D +Cr) 'Cyvy_1 + (D +Cp) 'z (46)

From (45), Jacobi iteration can be seen to be a form of linear parallefardace cancellation, the
convergence of which is not guaranteed in general. One of the soffaaeditions for the convergence
of Jacobi iteration is thdD — (Cy, + Cy) be positive definite. In contrast, Gauss-Seidel iteration, which

(46) reveals to be a form of linear serial interference cancellatiorjergas to the solution of the linear
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equation from any initial value, under the mild conditions thabe symmetric and positive definite,
which is always true for the MMSE detector.

Another general approach to solving the linear equation (44) involvessthef gradient methods,
amongwhich are steepest descent and conjugate gradientiteratioNfitdhat solving (44) is equivalent
to minimizing the cost function

1
d(v) = §VHCV — vz, (47)

The idea of gradient methods is to successively minimize this cost functiog akeet of direction$p,,, }

via
Vin = Vin—1 + QmPm, (48)
with
O = Pom-—1/PiCP, (49)
and
adm = —VO(V)|y=y,, =2 — Cv,,. (50)

Different choices of the sdip,, } give different algorithms. If we choose the search directignto be

the negative gradient of the cost functiqp, 1 directly, this algorithm is the steepest descent method,
global convergence of which is guaranteed. The convergence rgtbenarohibitively slow, however,
due to the linear dependence of the search directions, resulting in @dunthimization. If instead we
choose the search direction to be C-conjugate as follows

Pm =arg min ||p—q, 4|, (51)
peEAL

m—1
whereA,, = span{Cp,,--- ,Cp,, }, then we have the conjugate gradient method, whose convergence
is guaranteed and performs well whéhis close to the identity either in the sense of being low rank
perturbation or in the sense of a norm. The computational complexity of €&amidel and conjugate
gradient iteration are similar, which is on the order@fK MrAm) per user per symbol, where is

the number of iterations. The numbers of iterations required by the Gaidslt&nd conjugate gradient
methods to achieve a stable solution to the associated large system equat@bedrafound to be on

the same order in simulations.
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3.3 Iterative Nonlinear Space-Time Multiuser Detection

Nonlinear multiuser detectors are often based on bootstrapping technichiels are iterative in nature.
In this section, we will consider the iterative implementation of decision-feddivaltiuser detection in
the space-time domain. We also discuss briefly the implementation of multistageremedeanceling
ST MUD, which serves as a reference point for introducing a newaapen-maximization (EM-) based
iterative ST MUD, to be discussed in the next subsection. For simplicity, werestrict the signaling

alphabet to the binary antipodal set:= {—1, +1}.

3.3.1 Cholesky Iterative Decorrelating Decision-Feedback ST MUD

Decorrelating decision feedback multiuser detection (DDF MUD) exploits ti@eSky decomposition
R = F"'F, whereF is a lower triangular matrix, to determine the feedforward and feedback nfiatrix
detection via the algorithm

~

b = sgn(F Mz — (F — diag(F))b)). (52)

The discussion here applies readily to the implementation of MMSE decisiodekechultiuser detection
as well.

Suppose we are interested in detecting syripolhe purpose of the feedforward matfx ™ is
to whiten the noise and decorrelate against the "future u$eys’, - - - , sk a5 }; While the purpose of
the feedback matrixF — diag(F')) is to cancel the interference from "previous us€rs’, - - - , s,—1}.
Note that the performance of DDF MUD is not uniform. While the first "usertiemodulated by
its decorrelating detector, the last detected "user" will essentially achiessm@gke-user lower bound
providing the previous decisions are correct. There is another fo@holesky decomposition, in which
the feedforward matri¥ is upper triangular. If we were to use this forminstead in (52), then the mesttius
detection would operate in the reverse order, as would the perform@iheddea ofCholesky iterative
DDF ST MUD:is to employ these two forms of Cholesky decomposition alternatively as folléws.

lower triangular Cholesky decompositi@h , first feedforward filtering is applied as

7 = F "z, (53)



where it is readily shown that; ; = Fy ;b; + 23;11 Fy ijbj +71,4,1=1,--- , KMrB, with 7y ,
i=1,---, KB, being independent and identically distributed (i. i. d.) Gaussian noise cwnpowith
zero mean and variane€. We can see that the influence of the "future users" is eliminated and tlee nois
component is whitened. Then we use the feedback filtering to cancel thfeiatece from "previous
users" as

~

u; =7y — (Fl — dlag(Fl))b, (54)

where itis easily seen thai ; = z; —23;11 F1 iib; ~ F1 b+ 4,0 =1,--- , K MpB. Similarly,

for upper triangular Cholesky decompositiBg, we have
7o = F; Mz, (55)

WhereEZ i = F2’ iibi + Zf:B;—H FQ7 ijbj + N2, i 1=KMrB,---,1, and

~

uy =z — (Fa — diag(F2))b, (56)

KMrB

whereusy, ; = Zo, Z-—Zj:iﬂ Fy, Z-jf)j ~Fo iibi+7o 4,7 = KMrB,--- 1. After the above operations

are (alternately) executed, the following log-likelihood ratio is calculated,
Li = 2Re(F7 )5 ;;u1)2, /0%, (57)

whereF, , andu,, are used to give a shorthand representation for both alternatives tfiédog-
likelihood ratio is compared with the last stored value, which is replaced byetheralue if the new one

is more reliable, i.e.,

stored stored new
[stored _ L; if |L; | > [L7e, (58)

Lyew otherwise.

Finally we make soft decisiorls = tanh(L;/2) at an intermediate iteration, which has been shown to
offer better performance than making hard intermediate decisions, anchaakeecisions; = sgn(L;)

at the last iteration. Several iterations are usually enough for the systachiteve an improved steady
state without significant oscillation. The structure of Cholesky iterativemelating decision-feedback

ST MUD is illustrated in Fig. 4.
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I;i =sgn(L,)
g ] ——

A

b, = tanh(L, /2)

(o] ]

Log-likelihood ratio: L; Estimates:

S

Figure 4: Cholesky iterative decorrelating decision-feedback ST MUD

The Cholesky factorization of the block Toeplitz matix(see (40) can be performed recursively.

For A = 1 we have )

- F,(0) 0 0 0
Fy(1) Fy(0) 0 0
F= 0 ; (59)
I 0 0 c Ey(1) Ep(0) ]

where the element matrices are obtained recursively as follows.

KB = E[OL (60)
and, fori = B,B —1,--- , 1, we perform Cholesky decomposition of the reduced-rank métyito get
F;(0)

V, = F}(0)E;(0), (61)
while F,(1) is obtained as
E;(1) = (£7(0) "B, (62)
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Finally we have

V, = E[O] _ E[l}zi—lﬁ[*ll (63)

for use in the next iteration. The extension of this algorithm\to- 1 is straightforward and is omitted

here.

3.3.2 Multistage I nterference Canceling ST MUD

Multistage interference cancellation (IC) is similar to Jacobi iteration excaph#rd decisions are made

at the end of each stage in place of the linear terms that are fed back.in#t we have

~ ~

b, =sgn(z — (Cr + Cy)¥m—1) =sgn(y —(H-D)b,, ;). (64)

The underlying rationale for this method is that the estimator-subtracter sgwtploits the discrete-
alphabet property of the transmitted data streams. This nonlinear hasibdeperation typically results
in more accurate estimates in high SNR situations. Although the optimal decisoadiaed point of
the nonlinear transformation (64), there are problems with the multistage ICasua possible lack
of convergence and oscillatory behavior. In the following section wesiden some improvements on
space-time multistage IC MUD. Except for the Cholesky factorization, the atatipnal complexity for
Cholesky iterative DDF ST MUD is the same as multistage IC ST MUD, which isméaflg the same

as that of linear interference cancellation, i@(K MpAm) per user per symbol.

3.4 EM-based Iterative Space-Time Multiuser Detection

Inthis section, expectation-maximization-based multiuser detection is introthieeaid the convergence
and stability problem of the multistage IC MUD.

The EM algorithm [10] provides an iterative solution of maximum likelihood estimgiroblems
such as

0(Z) = argmaxlog f(Z;0), (65)
Oca

wheref € A are the parameters to be estimated, Afglis the parameterized probability density function

of the observabl&. The idea of the EM algorithm is to consider a judiciously chosen set of "ngissin
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data"W to form the complete dati = {Z, W} as an aid to parameter estimation, and then to iteratively

maximize the following new objective function
Q(6;0) = E [log f(Z,W; 0)|Z = 2;6] (66)

where it is worth emphasizing again th@tare the parameters in the likelihood function, which are
to be estimated, whil@ representa priori estimates of the parameters from the previous iterations.
Together with the observations, these previous estimates are used totealtellaxpected value of the
log-likelihood function with respect to the complete data= {Z, W}. To be specific, given an initial

estimated”, the EM algorithm alternates between the following two steps:
1. E-step, where the complete-data sufficient statigfie; 6°) is computed;
2. M-step, where the estimates are refinedby = argmaxgy_, Q(6;6").

It has been shown that EM estimates monotonically increase the likelihooaoamdrge stably to an
ML solution under certain conditions [10].

An issue in using the EM algorithm is the tradeoff between ease of implementatiocoaver-
gence rate. One would like to add more "missing data" to make the complete dagarspa informative
so that the implementation of the EM algorithm is simpler than the original setting t&@yever, the
convergence rate of the algorithm is inversely proportional to the Fislfi@miation contained in the
complete data space. This tradeoff is essentially due to the simultaneous gpdtire of the M-step in
the original EM algorithm [11]. Consequently, the space-alternatingrgéned EM (SAGE) algorithm
has been proposed in [11] to improve the convergence rate for multidinmahgiarameter estimation.
The idea is to divide the parameters into several groups (subspad&)ly one group being updated
at each iteration. Thus, we can associate multiple less-informative "missiasads to improve the
convergence rate while maintaining the overall tractability of optimization probl&orseach iteration, a
subset of parametefs;, and the corresponding missing d@t& are chosen, which is called the definition

step. Then similarly to the EM algorithm, in the E-step we calculate
Q% (65,:6') = I [1og (2, W™ 05,,0% |7 = 2,67, (67)
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wheref; denotes the complement®i, in the whole parameter set; in the M-step, the chosen parameters
are updated while the others remain unchanged as
0?{1 = argmaxg. oo Q5% (8s,;0"),
i+1 _ pgi
051_ = 93’}-’
whereAg, denotes the restriction of the entire parameter space to those dimensiorexlibgey. Like

(68)

the traditional EM estimates, the SAGE estimates also monotonically increase thelbkidihd converge
stably to an ML solution under appropriate conditions [11].

The EM algorithm is applied to space-time multiuser detection as follows. Supgoseuld
like to detect a bit,,, n € {1,2,--- , KMy B}, which can be viewed as the parameter of interest, while
the interfering users’ bits; = {b;};., are treated as the missing data. The complete-data sufficient
statistic is given byR,,,,, is the element of matriR. at thekth row andmth column)

1

LT 2 § : T
Q(bna bn) - 20_2 _Rnnbn + 2bn(zn - anbm) 9 (69)
m#n
with
7 7 Rmm 7
b = E [bm|Z = 2;b, = b}] = tanh ( = (2m — Rmnbn)> : (70)
g

which forms the E-step of the EM algorithm. The M-step is given by

, . sgn(z, — Romb, , A ={£1},
bitl = arg max Q(bn; b,) = (20 = 2t R :") =1 (71)
ne 7= (20 = X pin Rombm), A=,
whereA = R (the set of real numbers) means a soft decision is needed, e.g., in anddiate stage.
Note that in the E-step (70), interference from ugegsn is not taken into account, since these are treated

as "missing data". This shortcoming is overcome by the application of the SAg8HEtAm, where the

KMrB

symbol vector of all users = {bj}j:1 is treated as the parameter to be estimated and no missing data

is needed. The algorithm is described as follows:ifer0, 1, - - -,
1. Definition step:S; = 1+ (¢ mod KMrDB)
2. M-step:

bitl = sen(z, — > mtn R.nbi), ne€s,

bl =bi  m ¢S,

(72)
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Note that there is no E-step since there is no missing data, and interferentalf other users are
recreated from previous estimates and subtracted. The resultingenretesimilar to the multistage
interference canceling multiuser receiver (see (64)), except thaythigol estimates are made sequentially
rather than in parallel. However, with this simple concept of sequential @amere cancellation, the
resulting multiuser receiver is convergent, guaranteed by the SAGEthlgoiThe multistage interference
canceling multiuser receiver discussed in 3.3.2, on the other hand, doedways converge. The

computational complexity of this SAGE iterative ST MUD is al80K Am) per user per symbol.

3.5 Simulation Results

Inthis section, the performance of the above described space-time muliatisetors is examined through
simulations on a CDMA example. We assumg a= 8-user CDMA system with spreading galh= 16.
Each user, equipped with one single antenna, travels thrbugl3 paths before it reaches a base station
(or access point), equipped with a uniform linear arrary wiflkp = 3 elements and half-wavelength
spacing. The maximum delay spread is set td\be 1. The complex gains and delays of the multipath
and the directions of arrival are randomly generated and kept fixethéowhole data frame. This
corresponds to a slow fading situation. The spreading codes of adl aserandomly generated and kept
fixed for all the simulations.

First we compare the performance of various space-time multiuser resaingsome single-user
space-time receivers in Fig. 5. Five receivers are consideredintje-siser matched filter (Matched-
Filter), the single-user MMSE receiver (SU MMSE), the multiuser MMSEeresr (MU MMSE) im-
plemented using the Gauss-Seidel or conjugate gradient iteration methguk(tbemance is the same
for both), the Cholesky iterative decorrelating decision-feedback mettieseiver (Cholesky Iterative
MU DF), and the multistage interference canceling multiuser receiver (Mltistage IC). An interested
reader can refer to [45] for derivations of the single-user basesgivers. The performance is evalu-
ated after the iterative algorithms converge. Due to the poor conver@pehemior of the multistage IC
MUD, we measure its performance after three stages. The single-usarbownd is also depicted for

reference. We can see that the multiuser approach greatly outperfaramfe-user based methods;
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nonlinear MUD offers further gain over the linear MUD; and the multistagsé€ms to approach the
optimal performance (not always though, as is seen in Fig. 7(c)), whas good convergence behavior.
Note that due to the introduction of spatial (receive antenna) and sp@#&EE combining) diversity,

the SNR for the same BER is substantially lower than that required by noro&ilees without these

methods.
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Figure 5: Performance comparison of BER versus SNR for five spaeemultiuser receivers

Fig. 6 shows the performance of Cholesky iterative decorrelating dadisedback ST MUD for
two users, which is also typical for other users. We find that the Cholesiative method offers uniform
gain over its non-iterative counterpart. This gain may be substantial foe ssers and negligible for
others due to the individual characteristics of signals and channels.

Finally, we show the advantage of the EM-based (SAGE) iterative methardloy multistage I1C

method with regard to the convergence of the algorithms. From Fig. 7 we fihdithile the multistage
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Figure 6: Performance comparison of decision-feedback ST MUD &iote€ky iterative ST MUD

interference canceling ST MUD converges slowly and exhibits oscillatematior, the SAGE ST MUD
converges quickly and outperforms the multistage IC method. The oscillatithe gierformance of the
multistage IC corresponds to performance degradation as no statisticdllyelbaion number can be

chosen.
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Figure 7: Performance comparison of convergence behavior of mudistégrference canceling ST

MUD and EM-based iterative ST MUD

3.6 Summary

In this section, we have considered several iterative space-time multeteetidn schemes. It is shown

that iterative implementation of these linear and nonlinear multiuser receppreaches the optimum
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performance with reasonable complexity. Among these iterative implementat®B8#BE space-time
multiuser receiver outperforms the others while requiring similar complexityiléMre focus on single-
cell communications, all techniques discussed here can be extended tolticelhsecenario [6], where

the requirement for efficient algorithms only become more stringent.

4 Multiuser Detection in Space-time Coded Systems

With the invention of powerful space-time coding techniques in late 1990gsssided in Chapter 4,
there has been a growing interest in adapting these to multiple-access comtionrggstems. Although
early space-time code construction was concerned with single-useratbdb, 36, 37] (see Chapter 4),
subsequently it has been shown that most of the performance criteglapet can still be used effectively
in multiuser channels [21]. Space-time block codes have been applied to malti@es communication
systemsin [25, 24, 9]. The receivers that explicitly take into accountthetare of the space-time block
codes have shown to perform well in this context [27, 23].

Here we consider multiuser detection for space-time coded multiple-acctemsy As we will
see, the joint Maximum Likelihood (ML) decoder for such systems hasipitely large computational
complexity, motivating a search for low-complexity, sub-optimal detector tstres. We investigate
several partitioned space-time multiuser detectors that separate the mulétesgioth and space-time
decoding into two stages. Both linear and non-linear schemes are causidethe first stage of the
partitioned receiver and the performance versus complexity tradeweffdiscussed.

Inspired by the development of turbo codes [3, 4] that were disclrs§dthpter 5, various iterative
detection and decoding schemes for multiple-access channels haveteeseg in recent years. These
proposals showthatin generaliterative receivers can offer signtfirformance improvements over their
non-iterative counterparts. A good example is [44], in which a soft ieterfce cancelling turbo receiver
was proposed for convolutionally coded CDMA. The performancdtssitained via simulations showed
that it is possible to achieve near single-user performance with only a fietiagies in an asynchronous,
multipath CDMA channel. In this section, among others, we will show a genatializof this idea to a

space-time coded CDMA system as in [20, 21, 26].
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The development of turbo multiuser receivers for space-time codedrsysiere closely follows
that of [21]. In particular, we assume a multiple-access system base8-@TIMA signalling as opposed
to space-division multiple-access as in [26]. There are two main implementaicd®MA-based
multiple transmit antenna systems. One involves assigning a single spreadatpaeach user so that
the signals transmitted from all its antennas are spread by the same coddl &¥swume a design of this
type. In an alternative implementation, each user is assigned multiple spreadegjso that the signals
transmitted from different antennas are spread by different co@e471 9, 28].

Low complexity multiuser receiver structures for space-time coded systavedieen described
in [26, 47]. For example, a multi-stage receiver suitable for a system emplbpth turbo and space-
time block coding was proposed in [47]. Turbo receiver structuremfdtiple-access systems with both
space-time block and trellis coded systems have been presented in [26].21n general these turbo
receivers operate by partitioning the detection and decoding into twosdesages. In the first stage, a
multiuser detection technique is employed and a set of soft outputs is gehfenagach user. The next
stage of the receiver is equipped with a bank of decoders (either ehapace-time or both) that decode
the individual user channel or space-time codes (or both). Theseleecthen generate an updated set
of soft information about the code symbols which can then be fed back fogshstage to be used as
priori information at the next iteration. The process continues by repeatingriestaps.

In Section 4.1 we present a simplified signal model for a space-time coaeiirenous multiuser
system, while in Section 4.2 we derive the jointly optimal ML detector/decod&edtion 4.3, we consider
low complexity receiver structures for space-time coded multiuser systerssgayating the multiuser
detection stage from the space-time decoder stage. We consider bothalnteaon-linear multiuser
detection stages. In particular, in this section, we consider partitione@-$ipae multiuser receivers
based on the linear decorrelator and on the linear Minimum-Mean-Squere(EIMSE) estimator, as
well as two partitioned receiver structures based on non-linear indedercancelling multiuser detection
stages. Section 4.4 details a soft input soft output (SI®@)imum a posteriorffMAP) decoder [2]
that can be used as the second stage of the interference cancellingnee@eor more details on MAP

decoding refer to Chapter 5).
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4.1 Signal Model

Consider a system dk independent users, each employing an independent space-time coddwith

oo
n=0

transmitter antennas. The binary information sequdntén|} >, of userk, fork = 1,... K, is
first encoded by a space-time encoder, and then the encoded datdesl @to M streams by passing
it through a serial-to-parallel converter. (For simplicity we assume that aluiers employ the same
number of transmitter antennas, although generalizing to different nurobé&n@nsmitter antennas is
straightforward.) The code bits in each parallel stream are block intede®PSK symbol-mapped,
modulated by an appropriate signature wavefosgif), and are transmitted simultaneously from the
My transmitter antennas. It should be emphasized that throughout this seetiasswme that usér
employs the same signaling wavefos(t) in all its My transmitter antennas (i.8y, ,,,(t) = s (t) for
m=1,---,Mp).

Thek-th user’s transmitted signal at timie&an thus be written ds

B—1 M
Ap £

() = NIV DD bemlilsi(t —iT), (73)

=0 m=1

where{by [i] € {+1,-1}}5," is the symbol-mapped space-time encoder output okitieuser on
transmitter antenne at timei, andB is the number of channel symbols per user in a data frame which is
assumed to be the same as the length of a space-time codeword. We asstinessijatture waveform
of each user is supported only on the intetwat ¢ < 7, and is normalized so thgng si(t)dt =1, for
k=1,--- K. Thus,A% represents the transmitted energy per bit of éséndependent of the number
of transmitter antennas. Note that the model of (73) is otherwise generataegiiind to the signalling
format, and so the following results can be applied to any signalling schenveevdg we are interested
here in non-orthogonal signalling schemes such as code-division mwdtpkss (CDMA).

Assuming that the fading is sufficiently slow to be constant over a recelaga frame, the

corresponding signal received at a single receive antenna carittenvas

3Elsewhere in this chapter, we have assumed that the transmitted signadsraedized, and have absorbed the transmitter
amplitude into the channel response. In this section, we will decomposbaheel response to explicitly show the transmitted

amplitude as a separate term, similarly to (20).
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B-1 Mt

K
r(t) = Z ; \/’%n; e mnbtem i) sk (t — iT) +n(t) (74)

wheren(t) is complex white Gaussian noise with zero mean and variaqg@ per dimension. The

complex fading coefficienth ,,, between thé:-th user'sm-th transmitter antenna and the receiver,
is assumed to be a zero-mean unit variance complex Gaussian randobievasith independent real
and imaginary parts. Equivalently;, ,, has uniform phase and Rayleigh amplitude; i.e., the so-called
Rayleigh fading model. These fading coefficients are assumed to be mutubdfyeindent with respect

to bothk andm. In what follows, we assume that all parameters of the model (74) ansrkimthe

receiver. Only the transmitted symbols are unknown.

4.2 Joint ML Multiuser Detection and Decodingfor Space-timeCoded Multiuser Systems

We start by considering the joint maximume-likelihood detection and decoding sftmbols in the model
of Section 4.1. To do so, we first establish some notation.
As before, we denote theth user’s transmitted symbol vector (8#i; antennas) at timéby the

vectorby[i] = [br1[i] . .. bk, [i]]T. Define, theBK x MrK joint codeword matriXD, of all users, as

D, Oxmy - OBxmy
OB D ... Opxm
D _ X T 2 XM (75)
| OBxmy OBxmy ... Dio ]
where we have also introduced the notation Met 1, ..., K,
B[O
D, = : : (76)
bI1B 1

Note thatD € {+1, —1}2>*Mr fork = 1,..., K. We will call the joint codewordD, of all users,

the super codewordThe space-time coded output from all the users at filsghe K x K My matrix
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denoted a®|[i], where

blli]  Oixary - Oixasy
Oixar,  bI[] ... Oixums
D{Z] _ 1xXMr 2[] IxMr ) (77)
| Ouxnry Ovsary - bgl[i] |
The fading coefficients of thie-th user can be collected into avectgr = [hy1, -, hpary ]| € CMT¥1,

and we can combine all these fading coefficient vectors into one vactorh! ... h],]" € CKMrx1,
With this notation, the output[i] = [21[i] . .. zx[i]]", of a bank ofK matched filters (each matched to a

user signature waveformy,(¢)) at thei-th symbol interval can be written as,

z[i] = RADJilh + nl[i] (78)
where the diagonal matriA is defined asA = diag(\/ATLT, ceey %)’ R is the (normalized) cross-

correlation matrix of the users’ signature waveforms gt ~ A (0, NoR).
Let us denote thé3-vector of thek-th matched filter outputs corresponding to the complete
received codeword as, = [2,(0)...z,(B —1)]" and theBK-vector of outputs of all the matched

filters corresponding to a complete codewora:as [z; . . . zK]T. Then we can write,
z = (RA®Ig)Dh+n (79)

wheren ~ NV (0, NoR®13), I denotes thé3 x B identity matrix andz denotes the Kronecker product.
The joint ML multiuser decision rule for the space-time coded CDMA system isghen by
D = arg[r)naxp (z|D, h)
— 2Re {hHDT(A ® IB)Z} —h"DT(A ®I5)(R®15)(A @ 1z)Dh
where the maximization is over all the valid super codewords and we hagidheséact that for general

matricesA, B, C andD we have,(A ® B)(C ® D) = (AC @ BD) provided the dimensions of the

matricesA, B, C andD are such that the various matrix products are well-defined [22]. Notdhisat
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joint ML detector and decoder searches over a super trellis made uptiyriag all the users’ space-time
code trellises.

The asymptotic performance of a space-time code can be quantified by-tladlesbdiversity
gain. The diversity gain determines the asymptotic slope of the probabilityaf eurve in log scale.
As discussed in Chapter 4, in order to maximize the diversity gain for a Raylading channel one
should design the space-time code such that the minimum rank of codewferédiie matrix for any two
codewords is as large as possible [15, 36]. When this minimum rank oyeaiedlof distinct codewords
is the largest possible valudr, then the space-time code is said to achieve full diversity.

In [21], it was shown that the space-time codes designed to achievavierlsidy in single user
channels will also be able to achieve full diversity asymptotically in CDMA multiebannel, at least
when the SNR is sufficiently large. That is, if the minimum rank of all the validrecodewords
Ej, = D;, — Dy isry, (wherer;, < My), then the asymptotic diversity advantage of kkh user’s space-
time code in the multiuser channel is equatto In particular, if thek-th user’s space-time code were to
achieve the full diversity// in a single-user environment, then it will also achieve the full diverkity
in the multiuser channel, at least asymptotically in SNR, as long as the signaisseoorrelation matrix

is non-singular.
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Figure 8: FER Performance Verstg/ N, (in dB) of the Joint Maximum Likelihood Space-time Multiuser
Detector. K = 2 andp = 0.4.
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Figure 8 shows the performance results for the joint Maximum Likelihoodcttatén a space-
time-coded, synchronous, multiple-access system with two equal-poemsrhes/ing a cross-correlation
of 0.4. We set the number of receiver antennas to one, ignoring the possibikypdditing receiver
diversity since our primary concern here is to investigate the transmittesiivechemes. In Fig. 8 we
have shown the joint ML receiver performance results for two systemswath two transmit antennas
and another with four transmit antennas. We make use of full diversityKBip&ce-time trellis codes
with constraint lengthy = 5, given in [16], for both systems. Specifically, we employ space-time codes
based on the underlying ratg2 convolutional code with octal generatqes, 72), and the underlying
rate-1 /4 convolutional code with octal generat@i®, 56, 66, 76), both given in [16], for the two and four
antenna systems, respectively. We use the Frame Error Rate (FERnasabigre of performance. Also
shown on this figure is the performance of an equivalent system butwisipace-time coding. Figure 8
reveals the significant gains that can be achieved with space-time codindfiins@usystems. Moreover,
it shows that the joint ML receiver performance is very close to that ofithgle-user bound as predicted
above.

Itis easily seen that the above ML path search can be implemented as a maxiraliinodi@ path
search over a super trellis formed by combining all the users’ space-tidecticlises using the Viterbi
algorithm. This is similar to the optimal decoder for convolutionally coded CDManetels derived
in [12]. Assuming (for simplicity) that all the users employ space-time codssdan underlying
convolutional codes that have a constraint lengtthis super trellis will have a total df' (v — 1) states,
resulting in a total complexity per user of abcﬁ)(%), which is exponential ifKv. Note also that,
in order to achieve full diversity gaifv/; in an M transmitter antenna system we must have My
[16, 37]. Hence, it is clear that even for a small number of users thisl @asily become a prohibitively
large computational burden at the receiver. This motivates us to lookisogtimal, low complexity
receiver structures for space-time coded multiuser systems.

In order to reduce the computational complexity of joint multiuser detection padestime
decoding while still achieving competitive performance against the joint Miisien rule, one can use

partitioned receiver structures. Specifically, the multiuser detection arsptue-time decoding can be
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separated into two stages, as is done in [13] for the case of (singlerahtamvolutionally coded CDMA
channels. Atthe first stage of the partitioned receiver, multiuser detéestp@nformed. The outputs from
the multiuser detection stage are then passed onto a bank of single-usetispadecoders corresponding
totheK usersinthe system. Thus, each user’s space-time decoder operepesitently from the others.
Of course, it is possible to employ either an ML or a maximaposterioriprobability (MAP) decoder
as the single-user space-time decoder at the second stage of thernea&do, it is possible to use any
reasonable multiuser detection strategy at the first stage of the redaittez.following we consider both
linear and non-linear multiuser detectors as the first stage of the partitipaee-ime multiuser receiver,

and compare the performance of these receivers against the beibi@pgrformance.

4.3 Partitioned Low Complexity Receiversfor Space-time Coded Multiuser Systems

We consider linear multiuser detection based partitioned receivers, falowéhe non-linear multiuser
detection approaches. For linear multiuser detectors, we investigate loottedator and linear MMSE
detectors[38]. For non-linear approaches we consider both a simplidviémeceiver based oninterference
cancellation and the turbo principle, and an improved iterative receigsdban instantaneous MMSE

filtering after the interference cancellation step.

4.3.1 Decorrelator Based Partitioned Space-time Multiuser Receiver

The decorrelator output at theth symbol time is given by [38],

zi| = ADJi|h + 9, (80)

wheren ~ N (0, Noﬁfl). The first stage of the receiver computes soft outputs correspotwlgach

user’'s transmitted symbol vectors at timeThe soft outputs are the posterioriprobabilities (APPS)

of each user’s transmitted symbol vectors, defined as below fer1 ... ,2M7 k =1 ... K and
i =0...,B—1(note thaM is the number of possible transmitted symbol vectors):
pralil = Plbgli] =sif2[i],h] fors; € {+1, -1},
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From (80), we can write thia posterioriprobability as,

. 1 A g P
piili] = Crexp | —————|ali] - T[]
( No@® N VAR

where(ﬁfl)kk is the(k, k)-th element of the matrik Z|7] is thek-th component of the vectat(i|
and( is a normalizing constant.

The second stage of the partitioned receiver employs a bank of singlespace-time Viterbi
decoders that use theagosterioriprobabilities as inputs. Thieth user’s decoder uses only the symbol
vector probabilities corresponding to thketh user. This results in a decentralized implementation of
the receiver. Clearly this partitioned receiver is equivalent to a singge-space-time coded system,
except for a different noise variance value. This leads to the followppgubound on the pair-wise error

probability of the decorrelator-based partitioned space-time multiuservegcei

2 T
PROD, - Dy] < —r A/ Mr :
[Ty A (Bie) ANo(R )ik
wherery, is the rank of the codeword error matii, = Dy, — Dy, and\y, (Eg),forn=1,--- ,ry, are

the non-zero eigenvalues of thér x M7 matrix EZEk

4.3.2 Linear MM SE Based Partitioned Space-time Multiuser Receiver

As is well known, the decorrelator performance degrades when tligitmamd noise is dominant, since it
completely ignores the presence of background noise [38]. A betterrconige between suppressing the
multiple-access interference (MAI) and the background noise is obtayedploying a linear MMSE
filter at the first stage of the space-time receiver. The linear MMSE multdetector output at symbol

time i is given by [38]

zli] = AN R+ NoA ) 'zi].
The decision statistic corresponding to #éh user can then be written as,
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A2 , A .
= 77 Mubi[ihy + ﬁ]; > M A;bj[ilhy + i ] (81)
ik

where we have definedll = (A2 + NoR ')~ andij[i] ~ N(0, A—iTNO(MﬁflM)kk).
In order to compute the soft outpatposterioriprobabilities at the end of the first stage, we
make the assumption that the noise at the output of an MMSE multiuser detesidu@l MAI plus the

background noise) can be modeled as being Gaussian [32]. Trerefomay model (81) as

AL

51 — M Tr. h ~ 7.
Zild] 1y Vb [i]hy, + 7w [i]
(82)
with 7j[i] ~ N(0,22[4]). It can be shown that
, A7 A . =1
il = 435 ; M I, ] + No(MR M) | (83)

Using this model, the soft outpat posterioriprobabilities at the output of the linear MMSE multiuser

stage can be written as

prili] = P[bgli] = s|2[i], h]

C b |2 [4] —Ai My,.s; hy |2
= — — S
2€XD V]?[Z} 2|t MT kkS) 1 3

where(} is a normalizing constant.

The second stage of this receiver operates exactly the same way aghigadl@correlator-based
partitioned receiver.

Figure 9 shows the FER performance of partitioned space-time multiuseverecbased on
linear first stage multiuser detectors and ML single-user decoders, im-aser system with each having

two transmit antennas. As before, we make use of the full diversity BR@Kestime trellis code with
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Figure 9: FER Performance Versig/ Ny (in dB) of the Linear First Stage-based Partitioned Space-time

Multiuser DetectorsK = 4, p = 0.4 andMp = 2.

constraint lengthv = 5 and based on the underlying raté2 convolutional code with octal generators
(46,72) [16]. User cross-correlations are assumed tpjpe= 0.4 for all k& # j.

From Fig. 9 it can be seen that the linear first stage-based partitionee-8pee receivers may
offer some diversity gain over single-antenna systems, though they €aiptare the full gains achievable
with space-time coding. This is clear from the large performance gap betiatof linear first stage-
based partitioned receivers and the single-user bound in Fig. 9. Tiidsmance degradation becomes
severe with increasing user cross-correlations, as one would eXpexste results also justify our iterative
approach, which is capable of providing near single-user perforenawen in severe MAI environments
(as we will see below). We observe that for the given cross-corralatitues, the MMSE first stage
performance is no better than that with a decorrelator first stage. Ofeduthe case of smaller MAI
than what we have simulated, the MMSE first stage would out-perform terdator-based receiver,
since in this case the background noise would be the dominant noise .sbussther case, these linear

detectors fail to exploit the large performance gains available with spacestidieg.
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4.3.3 Iterative MUD with Interference Cancellation for Space-time Coded CDMA

In this section we present a simple iterative receiver structure basedteofeience cancellation and the
turbo principle. Suppose that at the first stage of the receiver, weedwailablea priori probabilities of
all users’ transmitted symbol vectoys,;[i]5 = P [b[i] =s],forl =1... ,2M7 k =1 ... Kand
i =0...,B—1. Note that the subscrig@ and superscript indicate that thesa priori probabilities
were in fact generated by the second stage of the receiver (i.e. tHe-as®gy space-time decoders) at
the previous iteration. Using thesepriori probabilitiespy,;[i]5, the interference-cancelling multiuser
detector at the first stage of the receiver computes soft estimates ofritemitted symbol vectors of all
the users as
2Mr7
bili] = > sipralils . (84)
=1
These soft estimates are used to cancel the multiple-access interferémeewtput of the:-th
user's matched filter. The interference cancelled output correspptalthek-th user is obtained as the

k-th component of the vector

2] = 2[i] - RADgfi]h, (85)
whereDy[i] = diag(by[i], ..., bg_1[i],0,br11[i] , ..., bgli]). From (85), withz,[i] denoting thek-th
element o [i], we have that

R Ak T Aj ~ AT .
Zrklt] = ——=b.h; + pri—=—=(b; —b;) h; + ngli] . (86)
[ ] \/M—T k ;c J \/M—T( J J) J [ ]

Sinceny[i] ~ N(0, Ny), assuming all the previous estimates of the symbol vectors were correct,

the iterative interference-cancelling space-time multiuser detector (1l@HIHDP) computes the soft output

a posterioriprobabilities of the transmitted symbol vectors of usgior k = 1,..., K, as
. 4 o K . 1., . Ay Ty 2 4P
p [bk[Z] = silzlil, {bj};_y ;.| = Csexp [—ﬁom[@] ~ AL hyg 7| pr il

= prali pralils,
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where(Cj is a normalizing constant.
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Figure 10: Iterative, Interference-cancelling, Space-time Multiuséeder.

Following turbo decoding terminology, the tegm;, [:]; is called the extrinsia posterioriproba-
bility as computed by the space-time multiuser detector. These extsipsiterioriprobabilities py, ;[i]1,
are de-interleaved and passed on to a batk single-user soft-input/soft-output (SISO) space-time MAP
decoders, described in Section 4.4 below (For a more general faafn giterpretation refer to Chapter
5). Thek-th user’'s SISO space-time MAP decoder compatpssterioriprobabilities of the transmitted
symbol vectors for all the symbols in a given frame [44]. The extrinsic aomept of these symbol vector
APPs,py, [i]2, are then interleaved and fed back to the first stage of the IC-ST-MUiE tsed as the
priori probabilitiespy;[i], in the next iteration. At the final iteration, the space-time MAP decoders out-
put hard decisions on the information symbols. A block diagram of this itexdtiterference-cancelling
space-time multiuser detector is shown in Fig. 10.

FER performance of the iterative receiver based on interferenceltation, but without instan-
taneous linear MMSE filtering, is shown on Fig. 11 for the same four-epowakr-user system in which
each user has two antennas considered in Fig. 9. From Fig. 11 werelisatwith about four iterations
we can achieve most of the gain available from the iterative decoding ggoc®ignificantly, we see
that for medium values g#, this simple interference cancellation scheme can achieve near single-user
performance with few iterations, which is not possible with linear first stagege observed earlier.

However, this simple interference-cancellation-based iterative deteaitsrwhen the cross-

correlations between users is increased. In this case, the perfortpecames almost insensitive to
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the number of iterations since when the user cross-correlations are inigistimates at the end of the
initial iteration are very poor (which of course is the same as a system emplawimgle-user matched
filter front end), and thus the subsequent iterations will be based oa ploes estimates.

The conventional matched filter complexity @¥(1). At each iteration, the first stage of the
receiver needs to compu®/7 symbol vectora posteriori probabilities. Hence, the computational
complexity of this partitioned receiver (27 + 2¥) per user per iteration. Note that even though both
MAP and ML decoding have sant@(2”) complexity order, the MAP decoding in general requires more
computations compared to the ML decoding. It has been shown that MARlidgccan be done with a

complexity roughly four times that of ML decoding [40].

4.3.4 IterativeMUD with InterferenceCancellation and I nstantaneousM M SE Filteringfor Space-

time Coded Multiuser Systems

As we mentioned above, the performance of the iterative IC-ST-MUDveggroposed in the previous
section degrades considerably for medium to large cross-correlatioesvaEspecially when the user
cross-correlations are high, the soft estimates at the initial iteration cagrp@aor and thus the perfor-

mance does not improve significantly on subsequent iterations. In ordgetoome this shortcoming,
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in this section we modify the iterative receiver proposed in the previoureday the addition of an
instantaneous filter. This becomes similar to the iterative decoder propogeY for a convolutionally
coded CDMA channel.

Specifically, we choose a linear MMSE filter that minimize the mean squarekmtaeen the
interference-suppressed output andiké user’s fading-modulated transmitted symbol vector. Clearly,
when the soft estimates of the multiple-access interference are verymibey@re not available at all (as
in the case of the first iteration), this filtering helps the receiver to still mainteéiteeptable performance
level, as we will see by the simulation results.

The k-th user’s linear MMSE filter at symbol timeapplies weightswy|i] to the interference-

suppressed outpay[i] of (85), wherewy[i] is designed so that,

wili] = argmin B [[b][ihy, — wH,[|] - (87)

It can easily be shown that the solution to (87) is given by

-1
wilil = B |2lil#l] E |[mlibllih . (88)

with

E [zk[z}z}jm} — RV,[(R + N¢R,
and

A —
a1 T o k 2

E [Zk[l}bk[l]hk] = \/M—T‘hk‘ Rek N

where we have defined the matiV, [:] as
. : A% & 72 2 Az 2 A%{ & 72 2
Vili] = diag <Em§:jl<1—b1,m>rh1,m\ e gl 7~~7M—Tmz::1(1—bz<,m)|hl<,m| :

andey, is thek-th unit vector. Denoting the matrigRV [i|R + Noﬁ)_l by My [i], we can write the

instantaneous linear MMSE filter corresponding to ki user at symbol timéas
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. A N
Wk[l] = \/MLT|hk|2<RVk[Z]R+N0R) 1Rek
A -
- \/MLT\hk\QMk[Z]Rek. (89)

We again model the residual noise at the linear MMSE filter output as hav®auasian dis-

tribution [32, 44]. Thus, we have the following model fof[i], the output of the linear MMSE filter

corresponding to thg-th user at symbol timé

weli] = wililzeli] = plibLlihg + ukli], (90)

whereuy[i] ~ N(0, v2[i]). It can be shown that

pili] = A—%h 2(MyJi 91
k] MT’ Kl “( k[z])kk (91)

and

vilil = Ihel? (ueli] — pili]) - (92)

The soft-output interference-cancelling multiuser detector with instantsnedSE filtering
makes use of the model in (90) in order to compute dhgosteriori probabilities of the transmitted

symbol vectors corresponding to theh user:

- V|t — i|s 2
P [bilil = s | 2fi). (5}, ] = Caesp [—"“” V‘;’Ej}“hk' prdlill

= pralih pralily,

where(C} is a normalizing constant.

The second stage of this modified iterative receiver is a SISO space-tinkeddéoder which
operates exactly the same way as the receiver described in the prexétion sThis decoder is described
briefly in the following section.

Figure 12 shows the FER performance of the interference-cancellaedpne multiuser re-
ceiver with instantaneous linear MMSE filtering assuming the same four ystens but with the cross-

correlation between any pair of users being equél6. We observe that this modified iterative receiver
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Figure 12: FER Performance Verstig/ N, (in dB) of the Partitioned Iterative Space-time Receiver Based
on Interference Cancelling and Linear MMSE Filtering Multiuser Detectiogé&ta = 4, p = 0.75 and

Mp = 2.

provides excellent performance and is able to achieve near singlggedermance with only a few
iterations @ — 3 iterations), even in the presence of considerable MAI.

The complexity of this MMSE-based interference cancelling partitionedusrds roughly about
O(K? 4 2Mr 4 2v) per user per iteration. Note also that this iterative receiver does nabmedpatial
diversity for interference suppression but exploits the multiuser signattare, which is likely to be

available at a base station receiver.

4.4 Single-User Soft Input Soft Output Space-time M AP Decoder

Inthe following we briefly outline the single-user soft-input soft-outpaicsetime MAP decoder assumed

in the iterative receivers above. The space-time encoder of eacls @sstumed to append zero bits to a
given information bit block of sizé’, so that the trellis is always terminated in the zero state. Thus, the
actual space-time code block lengthAs= B’ + v — 1 (since we assume that the rate of the space-time
code isl), wherev is the constraint length of the underlying convolutional code. In this seatieruse

the MAP decoding algorithm [2] to compute theposterioriprobabilities of all the symbol vectors and

the information bits.
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Similarly to the notation in [44], we will denote the state of the space-time trellis atitioyea
(v—1)-tuple, asS; = (s}, ... , s 1) = (di_1,... ,di—,—1), whered; is the input information bit to the
space-time encoder at timeThe corresponding output code symbol vector is denotds; byNote that
here we are using the subscripts to denote the time index.J(léts) be the input information bit that
causes the state transition frafp.; = s’ to S; = s andb(s’, s) be the corresponding output bit vector,

which is of lengthMr.

Define the forward and backward recursions [2] as

041'(8) = Z ai—l(S,)P[bi(S,a S)] ,i=1,...,B, (93)

and
Bi(s) = Bip1(sPbisa(s,8)], i =B —1,...,0, (94)

whereP[b; (s, s)] = P[b; = b(s,s)]. Initial conditions for (93) and (94) are given ag(0) = 1,
ap(s #0) =0, 5-(0) = 1andS,(s # 0) = 0. The summations are over all the stateahere the state
transition(s’, s) is allowed in the code trellis. Normalization of forward and backward varsaisldone
as in [44] to avoid numerical instabilities, though we do not elaborate thee her

Let S' denote the set of state paijtg, s) such that the output symbol vector corresponding to this
transition iss;. The SISO ST MAP decoder of uskeupdates tha posteriorisymbol vector probabilities
as

P[bk[l] = Sl|{pk,l’ [i]l}iB;Bl, l, = 1, . ,L.] = Z ai,l(sl)ﬁi(s)P[bi(s’, S)}
(s',5)eS!

- ( Z ail(S')ﬁi(S)) Plby[i] =s/]
(

s',s)eS!

Pr[t]2 Pralil1- (95)

The extrinsic part of the abowaeposteriorisymbol vector probabilityyy, ; ]2, is interleaved and fed back
to the interference-cancelling space-time multiuser detector, to be usedsgsrtbe probabilitypy. ;[i]5,

in the next iteration.
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In the final iteration the SISO ST MAP decoder also computesathesteriorilog-likelihood
ratio (LLR) of the information bits. Again, similarly to the notation in [44],3ét denote the set of state

pairs(s’, s) such that the corresponding input information bit-s. ¢/~ is defined similarly. Then we

have that
N = P
~ g > u+ @i—1(s")Bi(s)P[bi(s’, 5)]

>y~ ai-1(s")Bi(s)Plbi(s’, s)]
Based on thesa posteriorilog-likelihood ratios (LLRs), the decoder outputs a final hard decisiaimen

information bitdy[i] fori = 1,... , B’ — 1, at the last iteration.

45 Summary

In this section, we have considered space-time coding for multiple-acgstess in the presence of
guasi-static Rayleigh fading. We first obtained the joint ML receiver fgpace-time coded CDMA
multiuser channel. This joint ML receiver can be shown to achieve futrdity advantage for each
user if the individual space-time codes are of full diversity. A betteravaifl between performance and
computational complexity at the receiver can be obtained by by partitioningifteiser detection and
space-time decoding into two stages at the receiver. In particular, dneam-iterative receiver based
on interference cancellation and instantaneous MMSE filtering is capab#ptiring most of the gains

available with space-time coding in multiple-access channels, with only a fewadtesa

5 AdaptiveLinear Space-Time Multiuser Detection

We now turn to the situation in which some of the parameters of the model ofé¥)adrknown, and
thus the receiver must adapt itself to the environment. To examine this situatmtinear multiuser
MIMO reception strategies, diversity and space-time multiuser detectigmesented. Citing advantages
of the space-time techniquinear adaptiveimplementations, including batch and sequential-adaptive
algorithms for synchronous CDMA in flat fading channels, are thenldped. The section concludes

with extensions to asynchronous CDMA in multipath fading. Portions of thi& fust appeared in [35].
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5.1 Diversity Multiuser Detection Ver sus Space-Time Multiuser Detection

We consider d{-user code division multiple access (CDMA) system with processing§jawperating

in flat fading with Mz receiver antennas and transmitter antennas. For simplicity of exposition, we
will consider onlyMr = Mgz = 2 and BPSK modulation in this section. Extensions to other antenna
configurations and modulation techniques are straightforward. Whenrttgarzas are employed at the
transmitter, we must first specify how the information symbols are transmittedsatire two antennas.
Here we adopt the Alamouti space-time block coding scheme [1, 36] destus€hapter 1. Specifically,

for each uset;, two information symbol$;, ; andb,, » are transmitted over two symbol intervals. At the
first time interval, the symbol paitby 1, bx 2) is transmitted across the two transmitter antennas; and at
the second time interval, the symbol péitb, 2, by 1) is transmitted. After chip-matched filtering with

respect ta)(¢) and chip-rate sampling, the received signals at antenna 1 during therviombintervals

aret

K
ry = Z (k1,051 + i 210k 2] K + 111 (96)
k=1
and
K
ro1 = Z [—hi11bk2 + hi21bk1] sk + Do 1, (97)
=1

and the corresponding signals received at antenna 2 are

K

rip = Z [Pk,1,2bk1 + Py 22Dk 2] SK 4 11 2 (98)
k=1

and

roo =

M=

[—hi 1 2bk2 + hi 2,26k 1] Sk + N2 2, (99)
=1

wherehy,; j,i,j € {1,2} is the complex channel response between transmitter anieamhreceiver
antenngj for userk ands; = [c,(f) 01(61) e c,(fN_l)}T € {£1/V/N}" is the spreading code assigned to
userk, as discussed previously in this chapter.

The noise vectora; 1, ny 2, ny 1, andn, » are assumed to be independent and identically dis-

tributed (i.i.d) with distribution\..(0, 021 y).

“In this section, we assume complex signaling waveforms and charefétints.
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5.1.1 Linear Diversity Multiuser Detector

Denote

and

Suppose that user 1 is the user of interest. The combining weights for the dieeorrelating detector

[38] for user 1 can be written as
wi = SR ‘e, (100)

wheree; denotes the first unit vector iR“. Our first detection strategy, which we chiiear diversity
multiuser detectionapplies the linear multiuser detector in (100) to each of the four received signals

ri,1,r1,2,r1,2, andry 2 and then performs space-time decoding. Specifically, denote the filtertsaipu

A
211 = Wirig = h111big+hio1bie +uia, (101)
A * * *
21 = (Wirey) = —hii1b2+hio b1+
u g, (102)
A T
212 = Wirie = hi12b11+hi22012+ u12, (103)
A * * *
22 = (Wirgp) = —hi12012+hioob11 +
U39, (104)
2
. A .
with Uij = wlTnm ~ Nc (0, %) , 4,g=1,2 (105)
1

wheren? 21/ [ﬁ_l} L

53



We define the following quantities:

JAN T
z = [21,1 221 212 222
A . w 1T
u = [Ul,l Ug1 U1,2 U2,2]
A
hi; = [hiia h1,2,1]H
_ A
hi; = [hi21 —h1,1,1]T
A
hio = [hi12 higo)?
_ A
hio = [hi22 —h1,1,2]T
Then (101) - (105) can be written as
_ _ b1
H ,
z = |hy;hy;hyh) +u,
N ba1
HI !
o2
UA
It is readily verified that
E, 0
H H{ = :
0 FE;

. AN
with By = |hiaal? + [hoael® + [hi2a)® + |hioel?.

To form the maximum-likelihood decision statistic, we premultiplgy H; and obtain

di1 A b1
= H,z = E; + v,
d172 b1,2
. E, 0?
with v ~ A, (O, 1—; -12> .
m

The corresponding symbol estimates are given by

b1 din
X =sign | R
b1,2 dy,2
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(110)
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The bit error probability is then given by
PP(e) = P(R{din} <0 by =+1)

= P[ElJrN(O, El—”2> <o] = Q<ViEl 'm>, (113)

which fully exploits the available antenna diversity.

5.1.2 Linear Space-Time Multiuser Detector

Now consider the quantities:

ri ng Dy
. A I';,l VN n§,1 A hz,zl
r = , = 5 hk = ;
ri2 ni o hi.12
L r§,2 ] L n§’2 ] | hz,2,2 ]
P21
_ —h3
b, 2 i1l (114)
P22
L _hz»lﬂ |
Then (96)-(99) may be written as
K —_ ~
Po= > (beahy @i+ bohy @) +0 = Sb+ i, (115)
k=1
where
S = [h1®s1, hy ®sy,--, hg ®sk, EK®SK} (116)
ANX2K
N T
b = [51,1 bia ba1 bao---br1 bra| - (117)

Sinceh’h;, = 0 it is easy to show that the decorrelating detector for detecting the symbdlased on
r is given by

_ h; ® wy

g = LOWL 118
ST o)
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which we calllinear space-time multiuser detectiohlence the output of the linear space-time detector

in this case is given by

Zo= WiE = bii+w (119)
with i 2 Wiid ~ N, (0, 02[Wia?) (120)
where
- [wi? 1
[Wial? = = . (121)
|2 Eimnf

Therefore the probability of error is given by

PiT(e) = P(?R {z21} <0 b1 = —l—l)

1
=P [1 +N<0,—2Em%> <0] = Q<

Comparing (122) with (113) it is seen that when two transmitter antennas aneteiver antennas are

V2% -m> . (122)

employed and the signals are transmitted in the form of space-time block cedehthlinear diversity
receiver and the linear space-time receiver have identical perfoeméiigat, then, are the benefits of the

space-time detection technique? They include the following:

1. User capacity for CDMA systems is limited by correlations among compositatsignvaveforms.
This multiple-access interference will tend to decrease as the dimensiorvettespace in which
the signature waveforms reside increases. The signature wavefartive#r diversity detection
are of lengthN, i.e., they reside irfC". Since the received signals are stacked for space-time
detection, these signature waveforms resid€3ifl for two transmit and one receive antenna or
C*N for two transmit and two receive antennas. As a result, the space-timeustrean support
more users than linear diversity detection for a given performancehthitesA specific example

of this phenomenon is discussed in Section 5.3.3.

2. For adaptive configurations, linear diversity multiuser detection regjtour independent subspace
trackers operating simultaneously since the receiver performs deteote@ch of the four received
signals, and each has a different signal subspace. The space-tirtiirstirequires only one

subspace tracker.

56



5.2 Adaptive Linear Space-Time Multiuser Detection for Flat Fading CDMA
52.1 Signal Mode

Motivated by the above discussion, we now discadaptivespace-time multiuser detection algorithms
for systems with two transmitter antennas and two receiver antennas. dlgeséhms are also blind,
in the sense that the receiver requires knowledge only of the signatiefavm of the user of interest,
i.e., neithera priori channel knowledge nor the spreading codes of the interfering userseaessary
for detection. As before, the Alamouti space-time block code is used fwrtrigsion, so that during the
first symbol interval of block, userk transmits(by, 1 [i], by, 2[4]) from the two transmit antennas. During
the second symbol interval, usketransmits(—by (7], bx1[¢]). Note that inherent to any blind receiver
in multiple transmitter antenna systems is an ambiguity issue. That is, if the samdisgneaveform
is used for a user at both transmitter antennas, the blind receiver adistinoguish which symbol is
transmitted from which antenna. To resolve this ambiguity, we use two diffepgaading waveforms
for each user, i.esy j, j € {1, 2} is the spreading code for uskfor the transmission of symbéj, ;[i].

The discrete-time receivel -vector at base station antenna 1 during the two symbol periods for block

is
K
ri1[i Z (hie11bk1lt]sk1 + hi21bk 2[i]sk,2) + 01 1] (123)
=1
and
K
ro[i Z —hi,1bk2[i]Sk2 + hi2,10k1[]sk1) + 121 i, (124)
=1

and the corresponding signals received at antenna 2 are

K
rioi = (hio,1,2b81[1]8K1 + P 2,20k 2[4]8K 2) + 11 2]1] (125)
=1
and
K
r i Z (—hi1 26k 2[i]Sk2 + hi2.2bk1[t]Sk1) + n22[i]. (126)
k=1
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We stack the received signal vectors and denote

rl,l[i] nlvl[i]
rq A 1'2,1[1] A n§71[z]
rfi] = , nfi] = ,
ri2 [’L] nl,Q[i]
L r2,2[1] | L n§72[z] ]
P11 hi21
h¥ _ —h
hy A k2,1 by A k1,1 (127)
P12 hi 22
L h])::,Z,Q _ L _h]:,l,Q i
Then we have
K —
Fli] = Z<bk,1[z’]hk®sk71+bk72[i]hk®sk72) +ai] (128)
k=1
= Sb[i] + nli], (129)
where
~ A — —
S = [h1®s1,1, h; ®s12,---hg ®sg 1, hK®SK,2}
AN x2K
bl 2 [bu1li) bualil baali] baoli]- - bicili) bicalil]
= 1,1 1,2 2,1 2,2 K1 U]

and wherex denotes the Kronecker product. The autocorrelation matrix of the stadedlr[i]|, C,

and its eigendecomposition are given by

C = E[[ilfli]?] = SS” +o’Ly (130)
= U,A,UY +5%U0, U7, (131)
whereA; = diag{ A1, A2, -+ , Ao } contains the largeg2 K') eigenvalues o€, the columns olU, are

the corresponding eigenvectors; and the columrs pfre the(4 N — 2K') eigenvectors corresponding
to the smallest eigenvalue’.
The blind linear space-time MMSE filter for joint suppression of multiple acagssference

MAI) and space-time decoding for symbdb[i]| = by 1[i] is given by the solution to the optimization
(MAI) and 'dd'fb1b7"bhl'h"'
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problem
A . . )
Wi = argwréléalN E me[z] — er[zH } ) (132)

It has been shown in [43, 46] that a scaled version of the solution camitien in terms of the signal

subspace components as
wi1 = UA;'UT (hy@sp4), (133)

and the decision is made according to

zali] = wiliF[i], (134)
biali] = sign[?R(le[i]ﬂ (coherent detection) (135)

and
Biali) = sign[?)%(zm[i— 1]*2171[1'])] (differential detection) (136)

Before we address specific batch and sequential adaptive algoritlemstethat these algorithms
can also be implemented using lingaoup-blindmultiuser detectors [41] which, in contrast to their blind
counterparts, are constructed with knowledge of the spreading cbdesibset of the active users. They
would be appropriate, for example, in cellular uplink environments in whichabeiver has knowledge
of the signature waveforms of all of the users in its cell, but not those ofénieg users outside the cell.

Specifically, we may rewrite (129) as

t[i] = Sb[i] 4 Sb[i] + i, (137)

where we have separated the users into two groups. The signatuemsegwf the known users are the
columns ofS. The unknown users’ sequences are the columi$ dhen the group-blind linear hybrid

detector for symbab, ; [i] is given by [41]
o o o1—1
wit = UA['UIS |STUAUTS|  (hy@sy). (138)

This detector offers a significant performance improvement over blind mept¢ations of (133) for

environments in which the signature sequences of some of the interfedgrggare known.

59



5.2.2 Batch Blind Linear Space-time Multiuser Detection

Implementation of (133) requires knowledge of the signal subspace e¢@niand the channel. The
subspace components can be estimated blindly from the received siopithessample autocorrelation
matrix of the received signal. In order to obtain an estimathofve make use of the orthogonality

between the signal and noise subspaces, i.e., the fadifhah; ® s1,1) = 0. In particular, we have

hy = in [|[UZ (h ?
1= argmin [[U; (h@ sy
= U (h ?
arg max ||U' (h @ s14)]|
_ H o T H
= arg&%ﬁ (h ®sl’1>U8US (h®sll>
= argmax h’! (L ® srfl) U Ul (1, s11)] h (139)
S
Q
= principal eigenvector of). (140)

In (140),h; specifiesh; up to an arbitrary complex scale facteri.e. h; = a hy, but this ambiguity can
be circumvented using differential modulation and detection. The followingeistimmary of a batch
blind space-time multiuser detection algorithm for the two transmitter antenna/teiwgeantenna con-

figuration. The channel is assumed to be constant for at least the dushtlte batch sizé/.

Algorithm 1 [Batch blind linear space-time multiuser detector — synchronous CDMA, twisrind-

ter antennas and two receiver antennas]

e Estimate the signal subspace:

1 M-1
C = 4 iz_;f[i]f[i}H, (141)
= UAU7 +U,A, UL (142)
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e Estimate the channels:

e Form the detectors

e Perform differential detection:

211l =
2100l =
Buali] =
Brali] =

(L ® s{l) U U7 (1, @s:,),

(L ® sz) U U (@ $12)

principal eigenvector 0§,

principal eigenvector o€),.

/—\

sign {21 12

Slgn < {2’1 212

ilz11]i — 1] })
i)z1 200 — 1] })

1=0,---,M-—1.

)

)

(143)
(144)
(145)

(146)

(147)

(148)

(149)
(150)
(151)

(152)

A batch group-blind space-time multiuser detector algorithm can be implementesimjtle modifica-

tions to (147) and (148).

5.2.3 AdaptiveBlind Linear Space-time Multiuser Detection

To form a sequential blind adaptive receiver, we need adaptiveithige for sequentially estimating the
channel and the signal subspace componkntandA;. First, we address sequential adaptive channel

estimation. Denote byl:] the projection of the stacked signal] onto the noise subspace, i.e.,

z[i] = T[]
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Sincez]i] lies in the noise subspace, it is orthogonal to any signal in the signalatdysgnd in particular,

itis orthogonal tdh; ®s; ;). Henceh, is the solution to the following constrained optimization problem:

. I . 2
i, E [|12] (01 0 51|

= min E

s, [ 6171 5 ]

= nE _H[(I”‘@S{l)z[i]]Hm

2
] s.t. [yl = 1. (155)

In order to obtain a sequential algorithm to solve the above optimization prolemyrite it in the

following (trivial) state space form

hi[i +1] = hy[i], state equation

H
0 = [(I4®sfl)z[i]} h;[i],  observation equation

The standard Kalman filter can then be applied to the above system as fdllewstex || = (L® slTJ) z[i].

K[i] = S[i—1x[i] (x[i]7S[i - 1x[i]) (156)
hifi] = (hafi— 1] —k[i] ([ [i - 1])) /

|hafi — 1] — K[i] (x[d]"hy[i — 1])]|, (157)

S[i] = Z[i—1]—k[i]x[]T2[—1]. (158)

Once we have obtained channel estimates at blpeke can combine them with estimates of
the signal subspace components to form the detector in (133). Sulispeldag algorithms of various
complexities exist in the literature. Since we are stacking received sigo@irseand subspace tracking
complexity increases at least linearly with signal subspace dimension, it isdtiveethat we choose an
algorithm with minimal complexity. The best existing low-complexity algorithm for thiggose appears
to be noise-averaged Hermitian-Jacobi fast subspace tracking @R&H) [34]. This algorithm has the
lowest complexity of any algorithm used for similar purposes and hasrpeetbwell when used for signal
subspace tracking in multipath fading environments. Since the side &f4 N x 2K, the complexity is
40-4N -2K +3-4N +7.5(2K)? + 7 - 2K floating point operations per iteration. The algorithm and a

multiuser detection application are presented in [34]. The application to thenttiracking problem is
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straightforward and will not be discussed in detail.

Algorithm 2 [Blind adaptive linear space-time multiuser detector — synchronous CDM#Aremsmitter

antennas and two receiver antennas]

e Using a suitable signal subspace tracking algorithm, e.g. NAHJ-FSTateftie signal subspace

componentdJ,[i] and A,[i] at each block.

e Track the channéh; [;] andh; [i] according to the following

zli] = i) — UL UL[) R[], (159)
x[i] = (Li®s],)zli, (160)
x[i] = (Iy®s],)zi, (161)
K[i] = S[i—1)x[i] x[(7S}i— 1x[i]) ", (162)
K[i] = S[i—1x[i] (X7 - 1U=[i]) ", (163)
hifli] = (hifi — 1] —k[i] (x[i]"hy[i —1])) /

|hafi — 1] — K[i] (x[i]"hy[i — 1]) ]|, (164)
hifi] = (i —1)—k[i] (x[]]"hfi - 1])) /

[hy[i — 1] — k3] (x[i]"hy[i — 1])]|, (165)
X[ = X[i—1] - k[i]x[i]"2[i - 1], (166)
Y] = Zf[i—1] —k[]x[]TB[ - 1] (167)

e Form the detectors

Wialil = ULIA U7 (hli] @ s14). (168)
Wigli] = ULIAT UL (Buli] @ s12). (169)

63



e Perform differential detection:

z11li) = Wiali]FE[d], (170)
a12lil = Wi (i), (171)
Biali] = sign(éR{zll | z14li — 1) }) (172)
Biali] = sign( {m 210fi — 1] }) (173)

A group-blind sequential adaptive space-time multiuser detector can be imptngmilarly. The

adaptive receiver structure is illustrated in Figure 13.

A URERD ﬁ—L’ 1
Blind,
F[I] signal Us[i]’/\s[i] - sequemr\‘al

stack subspace

Kalma _
e channel a.lil, a.[i]
H[i, 1) I,

form detectors

wy, =UTIAIU, (i1 Os,, ) I > Biilbad
w,, =U AU, (G0 s,,)
Delay

2T,

4

A

Figure 13: Adaptive receiver structure for linear space-time multiusect®s.

5.3 Blind Adaptive Space-Time M ultiuser Detection for Asynchronous CDMA in Fading
Multipath Channels

53.1 Signal Mode

To extend the previous developmentto asynchronous multipath chaneehstbegin with a continuous-
time baseband signal model. The signal transmitted from antennas 1 and@®ttaé-th user for time

intervali € {0,1,... M — 1} is given by

M-—1

zea ()= [bkl sp.1(t — 20T) — by ofi)swa(t — (2i + )T)} (174)
v

za(t)= [bk o[i)ska(t — 20T%) + by [d)sir (t — (20 + 1)T3)} (175)
1=0
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wherelM denotes the length of the data frarfig denotes the information symbol interval, afig [i] }; is
the symbol stream of usér Although this is an asynchronous system, we have, for notational simplicity,
suppressed the delay associated with each user’s transmitted signal@poiated it into the path delays
in (3) . We assume that for eaéh the symbol stream{b[i]};, is a collection of independent random
variables that take on values-i and—1 with equal probability. Furthermore, we assume that the symbol
streams of different users are independent. The transmitted signatte®was{s, ,,,(t)} are described
in (26). Thek-th user's space-time coded signais,; (t) andzy 2(t), propagate from transmitter to
receiver through the multipath fading channel described by (3), wheke,;, satisfyingry, , p1 <
Thmp2 < -+ < Thmp,L, IS the sum of the corresponding path delay and the initial transmission delay o
userk. Itis assumed that the channel is slowly varying, so that the path gairgedm remain constant
over the duration of one signal frama&{((l;).

The received signal component due to the transmissien oft) andzy, »(t) through the channel

at receiver antennas 1 and 2 is given by

Ye1(t) = @p1(t) *x hi1,1(8) + 2p2(t) * hy21(2), (176)

Yk2(t) = Tpa(t) *x hi12(t) + xp2(t) * hy2a(1). (177)

The total received signal at receiver antehr@a{1, 2} is given by

K
rp(t) = yrp(t) + nu(t). (178)
k=1

At the receiver, the received signal is match filtered to the chip wavedodhsampled at the chip
rate, i.e., the sampling interval1s, N is the total number of samples per symbol interval, 2ndis the
total number of samples per time slot. Tir¢h matched filter output during thieth time slot is given by

A 2T+ (DT
rpli, n] = / rp(t)(t — 2iTs — nT,)dt. (179)
2iTs+nTe.

Denote the maximum delay (in symbol intervals) by

A
L= MaX Uk mp- (180)
k,m,p

A | Temp,L + Te
lkmp = | — and
Ts

Closed form expressions for the matched filter outpylis n] are provided in [35].
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To fully exploit available diversity, we stack the matched-filter outputs froth beceive antennas,

forming the vector

Tt
rfi] 2 bl : (181)
Toli] AN1
where, forb € {1, 2},
Tb[i7 0]
e s . (182)
T‘b[i,QN — 1} N1
Stackingm successive sample vectors, we form
r[i]
rli] 2 (183)
f[i tme- 1] ANmx1
= Hb[i] + nli] (184)

whereH is a function of the spreading codes, the channel conditions, and thevalkigform (see [35]

for details),n[:] is additive white Gaussian noise, and where

_ - -
blt — [¢/2
LA . .” ! oA | brald]
b[Z] = : 7l_)m = ) (185)
b 2[i]
bli +m — 1] -
L bK’Q[i] 42K x1

andr 2 2K (m + [1/2]).

We will see in Section 5.3.3 that the smoothing factoy,is chosen such that

(186)

N(u+1) + K[1/2] +1w

m >
m—[ ON — K

66



for channel identifiability. Note that the columns Hf (the composite signature vectors) contain infor-
mation about both the timings and the complex path gains of the multipath chanmehofiser. Hence

an estimate of these waveforms eliminates the need for separate estimates of theriormation
{Tk,m,p,l}-
5.3.2 Blind MM SE Space-Time Multiuser Detection

Since the ambient noise is white, i.E[n[i|n[i]?] = ¢*14nm, the autocorrelation matrix of the received

signal in (184) is

1>

E[r[i]r[i]”] = HH? + 0* L1y, (187)

= U,AUT 4520, U0l (188)

n?

where (188) is the eigendecomposition@f. Note thatU; has sizetNm x r andU,, has sizetNm x
(ANm — ).
The joint MMSE multiuser detector and space-time decoder with corresmpaginbol estimate

for by q[i], a € {1,2} are given by

Wioli] = arg wé@%m E Ubka[z] — WHr[i]ﬂ , (189)
brali] = sign [Re {wyq[i]"c[i]}] - (190)

The solution to (189) can be written in terms of the signal subspace compaef2]
wiall] = UdA;'Ulhy,, (191)

wherehy, , 2 He g (21,/21+a—1)+k IS the composite signature waveform of usdor symbola € {1,2}.
As for the synchronous case, this detector can be implemented in blind reqde&jnmg knowledge only

of the signature sequence of the user of interest and a (blind) estimatedafahnel.

5.3.3 Blind Sequential Kalman Channel Estimation

The full details of the discrete-time channel model for the asynchronoltfpath case appear in [35].

In summary, the composite signature waveform of éskr symbola can be written as
hk,a = 6k,afk,aL (192)
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whereCy, , isamatrix of sizel N ([¢/2]41) x (2N (¢ + 1) + 2) thatis constructed from theth spreading
code assigned to uskr The vectoff, ,, with size(2N (. + 1) + 2) x 1, is a function of the channel state
information for userk and is also defined in [35]. The blind channel estimation problem involves the
estimation off, , (1 < k < K, a = 1,2) from the received signalfi]. As we did for the synchronous
case, we will exploit the orthogonality between the signal subspace asé subspace. Specifically,

sinceU,, is orthogonal to the columnspaceHf we have
Ulny, , = UXCy ofr 0 = 0. (193)

Denote byz[i| the projection of the received signdt] onto the noise subspace, i.e.,

zli] = rli] - U U x[] (194)
= U,U/ri]. (195)

Using (193) we have
£11,Cy. p2li] = 0. (196)

Our channel estimation problem, then, involves the solution of the optimizatidahepno
A H~H 112
frq, = arg mfin E ‘f C,wz[z]‘ (197)

subjectto the constraifif|| = 1. If we denotex|i] 2 Cﬁaz[i] then we can use the Kalman-type algorithm
described in (156)-(158) whete [i] is replaced wittf, ,[i].

Note that a necessary condition for the channel estimate to be unique isetmmmﬁo(Uﬁﬁk,a
is tall, i.e. ANm — 2K (m + [¢/2]) > 2N (v + 1) + 2. Therefore we choose the smoothing factaor,

such that

(198)

- [N(wlz);f(l[;/ﬂ +1w |

Using the same constraint, we find that for a fixecdthe maximum number of users that can be supported

o[22 |2
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Notice that for reasonable choicesmfand., (199) is larger than the maximum number of users for the
linear diversity receiver structure, given by
This represents a quantitative example of the user capacity benefit aé-8pee multiuser detection
discussed in Section 5.1.2.

Once an estimate of the channel st&pg,, is obtained, the composite signature vector of the
k-th user for symbod is given by (192). Note that there is an arbitrary phase ambiguity in the estimate

channel state, which necessitates differential encoding and decddhmgteansmitted data.

5.3.4 Algorithm Summary

Algorithm 3 [Blind adaptive linear space-time multiuser detector — asynchronous multipaéACtwo

transmitter antennas and two receiver antennas]

Stack matched filter outputs in (179) to creafs.

CreateCy ,.

Using a suitable signal subspace tracking algorithm, e.g. NAHJ-FSTtepte signal subspace

componentdJ,[i] and A[i] at each time slot.

Track the channdfy, , (1 < k < K, a = 1,2) according to the following

zli] = rfi] — U [ UL[) " x[d], (201)
x[i] = Chazli, (202)
K[i] = S[i—1x[i] x[[7S}i— 1x[i]) ", (203)
falil = (Buali — 1] = Kli] (<[ fiali — 1])) /

[£i,ali = 1] = X[a] (x[i] " fioali = 1) (204)
S = X[i—1] - k[i]|x[{|F2[i - 1]. (205)
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e Form the detectors

wiali] = Ugli] A i|Us[i)7 Cr ofiali]. (206)

e Perform differential detection:

Zkall] = Wk,a[i]Hr[i], (207)

Brali) = sign (R{zkalil 20ali = 17}) (208)

5.4 Simulation Results

In this section, we present simulation results to illustrate the performance dfddimptive space-time
multiuser detection. We first look at the synchronous flat-fading casewbeonsider the asynchronous
multipath-fading scenario. For all simulations we use the two transmit/two remeigana configuration.
m-sequences of length 15 and their shifted versions are employed apusading sequences. The chip
pulseis araised cosine with roll-off factor 0.5. Forthe multipath case, eaclhad. = 3 paths. The delay
of each path is uniformly distributed ¢@, 7;]. Hence, the maximum delay spread is one symbol interval,
i.e.,. = 1. The fading gain for each user’s channel is generated from a cor@asgsian distribution
and is fixed for all simulations. The path gains in each users’s charmabamalized so that all users’
signals arrive at the receiver with the same power. The smoothing factor=s2 and the forgetting
factor for the subspace tracking algorithm for all simulations is 0.995. €hHepnance measures are bit-
error probability and signal-to-interference-plus-noise ratio, defiyiNR = E*{whlr}/Var{w!r},
where the expectation is with respect to the data symbols of interferingarsttise ambient noise. Inthe
simulations, the expectation operation is replaced by time averaging. SINRaiti@ufarly appropriate
figure of merit for MMSE detectors since it has been shown [32] that tiyeud of an MMSE detector
is approximately Gaussian distributed. Hence, the SINR values (approiinasmslate directly and
simply to bit-error probabilities, i.eRr(e) ~ Q (JW) The labelled horizontal lines on the SINR
plot represent bit-error-probability thresholds. For the SINR plotsntieber of users for the first 1500
iterations is 4. At iteration 1501, 3 users are added so that the system ibbadigd. At iteration 3001,

5 users are removed.
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Figure 14 illustrates the adaptation performance for the synchronaufadiag case. The SNR
is fixed at 8dB. Figure 15 shows the adaptation performance for thelasymous multipath case. The
SNR for this simulation is 11dB. Notice that in both cases the bit-error-pilityadoes not drop below
tolerable levels even during transitions, when users enter or leave tieensySonvergence of the SINR
to its maximum value is almost instantaneous when users leave the system, @inesrisgs than 500
iterations when users are added to the system.

Adaptation performance of blind adaptive space-time MUD for synchronous CDMA
T T T T T T T T

4 users 7 users 2 users

b P B

10

\

1le-3

SINR

le-2

SNR=8dB; processing gain=15; ff=.995

1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500
iteration

Figure 14: Adaptation performance of space-time multiuser detection fahsymous CDMA. The

labelled horizontal lines represent bit-error-probability thresholds.

6 Summary

In this chapter, we have taken the work of the preceding chapters iraseirections. In Section 2, we
introduced a general model for multiple-access signaling in MIMO chayaredsused this model to derive
canonical receiver structures for multiuser MIMO systems. This dewadop ties the MIMO multiuser
channel models discussed in Chapter 2 together with receiver desgpried in Chapters 3 and 5, and

then extends the latter to the multiple-access, frequency-selective ¢harigieng in many applications.
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Adaptation performance of blind adaptive space-time MUD for asynchronous multipath CDMA
T T T T T T T T

4 users 7 users 2 user.

| 1e—‘3\

WMWWW W W‘W L

N

SINR

SNR=11dB; processing gain=15; ff=.995

1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500
iteration

10

Figure 15: Adaptation performance of space-time multiuser detection fochsynous multipath CDMA.

The labelled horizontal lines represent bit-error-probability thresholds

Section 3 also echoes the detection problems discussed in Chapters Jatab;, by re-emphasizing
the importance of iterative algorithms in complexity reduction for MIMO reasiv&ection 4 describes
how the structure imposed by space-time coding techniques of Chaptebé eaploited, together with
the turbo-style iterative methods of Chapter 5, can be used to significamhtinea the overall receiver
performance with little attendant increase in complexity. Although most of thk efdhe techniques in
this chapter apply to general interference-type channels (multi-adngsssymbol, and inter-antenna),
the focus has been on the direct-sequence CDMA channels introduckdjter 1. Section 5 specifically
deals with such channels, which are particularly amenable to adaptive impgimenMoreover, Section
5 exploits the Alamouti space-time coding structure described in Chapterd 4 anits adaptation

algorithms.
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7 Bibliographic Notes

As noted in Section 2, the methods discussed in this chapter have beerpéev@ler a period of several
decades. Early work on receiver design for channel-coded systaistersymbol-interference channels
dates from the 1960s and 1970s, respectively, while the techniquesiftiple-access and inter-antenna
interference channels began largely in the 1980s and 1990s, respediireview of these developments
is found in [30]. Complexity reduction through iterative algorithms and thhoadaptation have been
major issues throughout this development, with turbo style algorithms gainini§camh interest in the
1990s. (An overview of iterative techniques is found in [31].) The ent'decade has seen a number
of developments, particularly in the development of new analytical tools ungthods of statistical
physics, and in refinement, analysis and understanding of adaptiviteeative methods. However, all
of these areas are still areas of active research, and new develsproatinue today. Perhaps the most
critical open issue lies in the transition of these methods into more widespiztttpr Although current
wireless standards and systems do incorporate some of the ideas ekptisedchapter, there is still
considerable opportunity for further practical development. The iteraind adaptive methods are, of
course, directed at precisely this goal.

For further additional reading on the subject matter of this chapter, thieréareferred to the
books by Verd [38], Wang and Poor [46], and Comaniciu, et al. [5]. The first obththree books
contains an excellent exposition of the fundamentals of multiuser detectidgle, e second contains
further elaboration and additional examples illustrating the model of Sectias ®¢ll as considerable
discussion of various methods of adaptive and iterative receiverrddsigues not treated in this chapter,
such as fast fading and OFDM systems, are also considered therdy, Fh@impact of these methods
on higher-layer networking issues, such as resource allocation, gaglgrvice provision, and network

performance, is discussed in the third of these three books.
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