Minimum Probability of Error Based Methods for Adaptive

Multiuser Detection in Multipath DS-CDMA Channels

Aditya Dua’, U. B. Desa? Ranjan K. MallikY
Department of Electrical Engineering Department of EieatrEngineering
Indian Institute of Technology, Bombay Indian Instituteleichnology, Delhi
Powai, Mumbai - 400076 Hauz Khas, New Delhi - 110016
India India
f dua,ubdesg@ee.iith.ac.in rkmallik@ee.iitd.ernet.in

? Student Member, IEEE Y Member, IEEE



Abstract

DS-CDMA is a popular multiple access technology for wireleemmunications. However, its per-
formance is limited by multiple access interference andtipath distortion. Multiuser detection and
space time processing are two signal processing techn@mpkoyed to improve the performance of DS-
CDMA. Two minimum probability of error based space-time tiuder detection algorithms are proposed
in this paper. The rst algorithm, MJPOE, aims to minimize fbint probability of error for all users. The
second algorithm, MCPOE, minimizes the probability of ewbeach user conditioned on the transmit-
ted bit vector, for each user individually. In both the aigfons the optimal Iter weights are computed
adaptively using a gradient descent approach. The MJPGtithlg is blind and offers a BER perfor-
mance better than the non-adaptive MMSE algorithm, at tiseafthigher computational complexity. An
approach for reducing the computational overheads of MIB€My Gram-Schmidt orthogonalization is
suggested. The BER performance of the MCPOE algorithmgatyi inferior to MMSE, however it has
a computational complexity linear in the number of userghBxind and training based implementations
for MCPOE are proposed. Both MJPOE and MCPOE have a convezgete much faster than earlier
known adaptive implementations of the MMSE detector, vi®lS.and RLS. Simulation results are pre-
sented for synchronous single path channels as well as la®maus multipath channels, with multiple

antennas employed at the receiver.
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|. INTRODUCTION

Direct Sequence Code Division Multiple Access (DS-CDMAWisiely used for multiplexing
users in a wireless scenario [1]. However, its performasdemited by multiple access inter-
ference (MAI) and multipath channel distortion. The cori@mal DS-CDMA matched lter
detector fails to combat these problems. Many advancedlspgacessing techniques have been
proposed to enhance the performance of DS-CDMA systemgshasé techniques fall into two
broad categoriesnultiuser detectioi?], [3], [4] and space-time processif{§], [6]. The former
exploits the underlying statistical structure of MAI foiténference cancellation, while the latter

employs an antenna array at the receiver to optimally coenthie different multipath signals
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of users. Combined multiuser detection and space-timeepsiitg has also been addressed in
literature. The initial focus was on systems with a singd@$mit antenna and multiple receive
antennas [7], [8]. Recently, much research has focused sterag with multiple transmit and
receive antennas, employing space-time coding at thenisies to achieve higher diversity gain
[9], [10]. Blind multiuser detection for systems employiAtamouti space-time block codes at
the transmitter has been investigated in [11].

Adaptive multiuser detectors are especially attractiveabee they can potentially adapt to
unknown and time varying channel parameters [12]. Amortyssd, blind adaptive multiuser
detectors have the advantage that they eliminate the needtfaining sequence in adaptation
mode, which translates to savings in bandwidth [13], [14B]] Although not many wireless
standards today use blind algorithms, it shall de nitelydmeadvantage, in terms of lesser band-
width consumption, if we can develop blind multiuser datectalgorithms which have a per-
formance comparable to training sequence based algoritiirepace-time multiuser detector
exploits the signal structure in both time domain and spdtanain for interference cancella-
tion. Two adaptive space-time multiuser detectors basdteunriterion ofminimum probability
of error (MPOE) are proposed in this paper, for multipath asynchusioS-CDMA channels,
with multiple antennas at the receiver.

The rst algorithm, minimum joint probability of erro(MJPOE) minimizes the joint prob-
ability of error for all users. The algorithm is blind, i.ep training sequence is required in
adaptation mode. MJPOE offers a BER performance betterttieganon-adaptive MMSE detec-
tor [16], [?]. It, however, has a computational complexity which is exgatial in the number of
users. A scheme based on the Gram-Schmidt orthogonahzaticedure is proposed to reduce
the computational burden of MJPOE. In order to further redilne computational complexity
we propose theninimum conditional probability of errofMCPOE) algorithm, which minimizes
the probability of error conditioned on the transmittedvattor, for each user individually [19],

[20]. It has a BER performance that is slightly inferior teetMMSE detector, however at a
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convergence rate comparable to MJPOE and a computatiomglerity linear in the number of
users. Both MJPOE and MCPOE have a convergence rate mueh tfaeh adaptive implemen-
tations of MMSE, viz. LMS and RLS. In fact, MCPOE offers a cergence rate faster than RLS
with computational complexity comparable to LMS. We alsogmse a blind MCPOE algorithm,
whose performance is comparable to the training based MCR@ifithm.

The rest of this paper is organized as follows. Section Ivjgles a mathematical description
of an asynchronous multipath DS-CDMA channel with multiptgennas at the receiver. An ex-
pression for the received signal vector in terms of the sygiarameters is obtained. In Section
lll, the receiver structure is explained, probability distition for the decision statistic vector
is derived, and expressions for conditional and joint pbiliig of error are also derived. The
adaptive algorithms MJPOE and MCPOE are presented in $ddticAdaptation equations for
Iter weights based on gradient descent are derived in taetign. Section V presents simula-
tion results, and comparisons of MJPOE and MCPOE with othétinser detection algorithms

proposed in literature. The paper concludes in Section VI.

II. SIGNAL MODEL

Consider a DS-CDMA channel witd users sharing the same bandwidth. A schematic of
the channel model described in this section is depicteddn Ei The signaling interval of each

user isT seconds, and the input alphabet is antipodal binfryl; 1g. During thei™ signaling

corresponding spreading chip sequence, so that the spgeadiveform can be expressed as

1N
() = P swrect(t  (n - 1)Te) ; (1)

n=1

L All vectors and matrices are displayed in boldface
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whererect(t) is a rectangular waveform with unit amplitude [@ T.], ands,, 2 f 1;+1g
(1 k K,1 n N). The transmission amplitude of th& user is denoted b#,, which
is real. The processing gaih is de ned as the number of chips in a signaling period. Th@chi
periodT, is thus equal td =N. The baseband signal of tk& user in thé™ bit interval can now
be expressed as

Xe(t) = Ahc(i)e(t  iT); 1T t< (I+1)T: (2)
At the receiver an array d@® elements is employed. Assuming that each transmitter ippgd
with a single antenna, the baseband signal betweekitheser's transmitter and the base station
receiver can be modeled as a single input multiple outpuI(yl channel with the impulse

response

b
h(t) = akmGm (I km) ; 3)

m=1

whereM is number of multipaths in each user's chanmggl, and ., are respectively the com-

is the array response vector corresponding tortife path of thek™ user's signal. The total
received signat (t) at the receiver is a superposition of the signal from kheisers plus the

additive noise given by

X X
re = Xk(t) 2hy(t) + n(t)
XX X @
= Ab(i)  akmGmG(t 1T km)+ n(t);
i k=1 m=1
where? denotes the convolution operatiom(t) = [ny(t);:::;np(t)]" isaP 1 vector of

independent zero-mean complex Gaussian noise proceasbsyih unit variance, and? is the
variance of the ambient noise at each antenna element.

Let r ,(i) denote the received signal vector at f& antenna in the™ signaling interval,
obtained by sampling,(t) at chip rate. Since we have considered an asynchronousealheg(in)
contains contributions from bits transmitted in tfie 1)" interval as well as th&" interval.

Let us assume that the maximum multipath delay of any uses doeexceed the symbol period,
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so that contributions fronii  2)™ and all preceding signaling intervals are zero. Also, let us

assume that multipath delays are resolvable upto the amcwfaa chip period, i.e,y is an

integral multiple ofT; (8k;1). Now de ne the following:

S(k:) = []SkN n+1{'233:;5kr\} ; P’_{Z;?T -
n N n
S R | ©
n N n

Now, the received signal vectog(i) can be expressed as

ro(i) = Acb(i 1) Amip Gem S "+ Aib(i) AmpOkmSgr™ + Np(i); (7)
k=1 m=1 k=1 m=1

wherenyy, = km=Tc andn (i) denotes the sampled noise vector, obtained by chip ratelisgmp
of receiver noise in th&" bit interval. Since the multipath delays are assumed to biiptes
of the chip period,nyy, is an integer. In (7), the rst term represents contributfoom the
previous bit interval or inter-symbol interference (IShe second term represents contribution
of the bits transmitted in thid" bit interval, whereas the last term represents AWGN. Foe efs

representation, de ne the following:

X

kpiL = Akm;p Gkm S(kT_km) (8)
m=1
X (Nkm )
kp;R = Axm;p Gkm Skr 9)
m=1
Thus,r ,(i) can be expressed as
. X( - X( . -
rp(i) = Acb(i 1) ko + Abc(i) pir + np(i): (10)
k=1 k=1

This can further be expressed using matrix notation as
rp(i) = SptAb (i 1)+ SprAb (i) + np(i) ; (11)

whereSp. =[ 1p 0 kp](N K matrix),Spr =[ 13pr::: kpr] (N K matrix), and

A = diag(A1;:::;Ak) (K K matrix).



[1l. PROBABILITY OF ERROR
A. Probability Density of the Decision Statistic

Letwy, (NP  1vector) denote the linear Iter used to demodulate the bésgmitted by the

k™ user.w operates on the augmentsd® 1 signal vector (i) =[r1(i)";:::;rp(i)T]". Let

The soft output of the Iteny, (i) in thei™ bit interval is given by

Yi(®) = wir (i)

o
p=1
»
= WEpSpLAb(i 1) + WEpSpRAb(i)+ win(i);
p=1 p=1
where( )" denotes the Hermitian amu(i) = [n1(i)7;:::;np(i)T]". The bit decision for the

k™" user is given by
B(i) = sgn[<(y(i))] ; (13)
wheresgn[ ] denotes the signum function ard ) denotes the real part.

For notational ease, we can drop the indexd represeri(i) asb, yx(i) asyx andn (i) asn.

Thus,
X x
Yk = WEpSpLAb(i 1)+ WEpSpRAb(i)+ wEn(i)
p=1 p=1
° (14)
= 4 WipSprAD + wiln ;
p=1
where
x 9y ‘
K = WipSpLAb (i 1) (15)
p=1

represents the contribution of thie 1) bit to the decision statistic. It must be noted here that
Yk depends omb(i 1), which is not known to the receiver. However, since the reehas

estimatedb(i 1)inthe(i 1)™ bit interval, we can form an estimate yf, denoted by, and



given by

x x
B = wiiSo AB(I 1)+ wilS,rAb+ win
=1 p=1 (16)

X
b+ Wi,SprAD + wiln ;
p=1

whereB(i 1) denotes the estimate bfi 1) at the receiver, and
X
b= wiis,ABi 1): (17)
p=1
Although, all subsequent results are derived in termgpft must be noted that in practice the
receiver would us#y for all its computations, becaud¢i 1) is unknown at the receiver. The

simulation results presented in Section V are also basedeedtimate oy, given by (16).

Thek™ entry of is given by

X
Kk = < kKt W:jpSpRAb : (18)
p=1
The(k; )" entry of matrixC is given by
8
L 2 2 if k=1
Cu= “<wiw = 5 (19)
Wkt If k61,
< wilw,

2 - 2 2 —
where kw ks and W KW K.

B. Joint Probability of Error

LetB = [Bl; B ]" denote the estimated bit vector, Wh&e(l k K)isgiven by (13).

Assuming all bit vectors are equally likely (with probabjliz%), the joint probability of erroPg



can be expressed as

X
Pe = Pr B6 bjb Pr(b)
Nl i
= 1 Pr szjb K (20)
sb X
1 .
=1 x Pr B:bjb ;
sb

where the summation is over all possible bit vectors of leikgt with entries 1. Since<(y)
conditioned on vectds is Gaussian with mean and covariance matri& , its probability density

function is given by

i 1 1 T . . K .
f<(y)jb(xlb) = Bﬁexp E(X )'C l(x ) x2(1 ;1)%; (21)

wherejC | denotes the determinant Gf.
The conditional probability of correct demodulatiér B= bjb can be expressed as the

integral of the multi-variate Gaussian distribution giv®n(21), with appropriately chosen inte-

Z Z
1 1 1 1
Pr B=bb = p—— o ex ~(x Cc Y(x dxq @ dx
) W . . p 2( ) ( ) 1 K

(22)
The joint probability of erroPg can be expressed as a weighted suointegrals of the above
form. If all bit vectors are equally likely to be transmitteétien each of the weights 12% Thus,
using (20) and (22pk is given by

. x Zu Z.,

Pe =1 P
T X7 R)FC

1
exp =(x )TC Y(x ) dxg:iidxg
b Ih Ik 2
(23)
wherel, =0 ,uy=1 ifbh=1andly=1 ,u=0ifh = 1
Now consider the situation wheg = |, where  and | are arbitrarily chosen real numbers

at this moment, and will be obtained as outputs of the adaptyorithm, MJPOE, to be described

in a subsequent section. Since the random variglpyg) conditioned orbis N ( ; 2), it can



be expressed as [21]

<) = «kt W+ 12U  k=1;::15K;

Next, consider the following joint probability; :

Py=Pr(, <<(V1) usii e <<Ok)  uw)

From (24) we have,

Substituting (26) in (25)P; can be expressed as

Cov w x oy )
Py = Pr —971 — < Uk —971 -~ k=1;:115K
k k
SinceUi's andV areN (0; 1), (27) can be simpli ed to yield
n ' '#
7 ! !
b 1 ¥ Q Lk pk k2kV Q Y gk k2kV 1_eVz=2dv,
1 k=1 ke 1§ k 1§ 2
whereQ(x) is given by
Z 1

N
o
~—+

QW= p= o

X

B.1 lllustration

10

(24)

(25)

(26)

(27)

(28)

(29)

For the purpose of illustration consider the two user c&se(2). f Lkgﬁzl andf y, gizl for

different transmitted bit vectots= [by; b,]" are shown in Table .

The joint probabilityP;, evaluated by appropriately substituting and y, in (28), gives the

probability of correct demodulation conditioned bpi.e.,Pr B = bjb . For instance, in the

2 user case, the conditional probability of correct dematioh given bit vectob = [1;1]" is

transmitted is given by

Z, !

P

gt t o1 2T t o2 2
Q H— o

2 =
Jf L =0;y =1
fo=oiu=10 1 1 1 2 > 1 3
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where the subscript d¥; denotes the values of, and y, at which the expression fét; given

by (28) is evaluated, and
[

X b x b
g = < 1t A WTp alm;pglms(lr;glm) + A W}fp aZm;pQZmS(z?qzm) ; (31)
p=1 m=1 p=1 m=1
!
X b x X
Jiar = < 2t A ng alm;pglmsg_r;glm) + A W}Z_ip aZm;pQZmS(z?qzm) ; (32)
p=1 m=1 p=1 m=1

Wheresi(L) andsi(R) (i =1;2)are given by (5) and (6) respectively. Expressions simd#B0) can
be obtained for different transmitted bit vectors, and barmed up (with appropriate weights) to

obtain the joint probability of error (20).

C. Conditional Probability of Error

The motivation for deriving an expression for the conditibprobability of error will become
clearer in Section IV-B. Leijb denote the probability of error in demodulation of the bits
transmitted by th&™ user, conditioned on the transmitted bit vedtorAssuming that bits-1

and 1 are transmitted with equal probabilil?kjb can be expressed as
1 Sk ). 1 (k). )
Pyb= 5P <) < b Sibc=+1 + SPr <(yg Op* b= 1 ; (33)

whereb® ) = [by;::i;h ;b b ]T. Since<(yx) conditioned onb is Gaussian with

mean | (18) and variance? (19), its probability density function is given by

f )= —p S 1 34
<(yk)jb(XJ)__kp?—eXp T2z <X< (34)

The conditioning orb is implicitin . Let  be represented ag;; whenh, =+1 andas y; 1

whenh, = 1. We have,
1

0
X X hd
k1= < E‘D «t  Ab  WQ  @mpOm st + Ax Wi @kmpGam SiR K (35)

i=1 =1 m=1 =1 m=1
6 k P P
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and
0 1

X
ki 1 =< % kK + Ai h W:; aim;p Oim S(kr:?lm ) Ak Wlljp akm;pgkms(kr;km )& :
i=1 p:l m=1 p:l m=1
i6k
(36)

From (33), the conditional probability of error for udecan be expressed as

Z Z
17° 1 vy «o? 17t 1 (y K 1)?

P.L= = —p— - + = —p— - X

Wb~ 2 1k Zexp 213 % 2 o i ZExp 213 a:
(37)

which can be simpli ed to obtain
1 ki1 1 Kj 1
N = —= + = :

ijb 2Q ) 2Q . ) (38)

whereQ(x) is given by (29).

IV. ADAPTIVE ALGORITHMS
A. Minimizing Joint Probability - MJPOE

The aim of the minimum joint probability of error (MJPOE) leasdetector is to minimize
the joint probability of error expression (23) with respexthe Iter weightsw;:::;wk. The
Iter weights are iteratively adapted using a gradient éegdechnique, until the minimum is
attained. The minimization problem is subject to the caistr<(w{'w|) = | kwkkw k
(3 k;lI  K). This constraint results from the de nition of; in Section IlI-A, and from the
assumption that,, = . The expression for joint probability of error is howevengaex and
its constrained minimization with respect to the Ilter wbtg is a computationally intensive task.

In order to overcome the computational overhead in miningizhe joint probability of error,
we have explored possibilities of approximations and cairss. We rst carried out extensive
simulation studies for computing minimum joint probalyildf error using gradient based tech-
niques. We noticed an interesting occurrence: at conveegthe lters of different users were

nearly orthogonal to each other, i.ef'w, 0. This is depicted in Fig. 6. To a certain extent
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this result is intuitively expected. This is because at eoggnce we want the Itera/, andw,
to be well separated, so that we can detect the bits ok'theser and thé™ user. In casev,
andw, are close to each other (almost co-linear), then in theilngitasev, = w, (where
is a scalar), both of them will detect the same user. The ohﬁen,wﬁwl = 0 can be incor-
porated as apriori into the minimization problem, and thisntleads to signi cant reduction in
computational overhead.

Forcing lIters of different users to be orthogonal is equérd to making x = 0. It is worth
mentioning here that in the non-orthogonal Iter casg(l k K), which were arbitrarily
chosen when rst de ned in Section IlI-B, are obtained viansilation. However, in the orthog-
onal Iter case we force them to be zero. Now, from (19), theaz@nce between the decision
statistics of usek and uset is given byC, = 2w}!w,. Sincew!w, = 0, the entries of the

decision statistic vector become uncorrelated. Thus we fram (25),

PJ Pr(L1<<(y1) Upr -+ Lk <<(yK) UK)
¥ (39)
Pric. << u)

k=1
Thus, using (39) the joint probability of correct demodidatcan be expressed as a product of

individual probabilities of correct demodulation. Therjbprobability of error is then given by
1 X ¥
K Q M ; (40)
gb k=1 “

where  and  are given by (18) and (19) . The expression can be easilyr@atdiy substituting

PE=1

k = 0 in (28) and choosing,, and y, suitably.

A stochastic gradient descent approach can be now be useditoige the joint probability of
error expression given by (40) with respect to the Iter wagy Orthogonality of Iter weights
can be executed at each step of the iteration by using the -Scdmimidt orthogonalization pro-
cedure. Le'w(ki) denote the Iter of thek™ user at the™ iteration of the algorithm. In gradient

descent, the Iter weights are updates according to the rule

@p

(i+1) _ o (D) .
Wk - \bk k@vkwkzw(kl) ’

(41)
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where | is an appropriately chosen step-size parameter and in gecmuld be different for
different users\Ww denotes the Iter obtained after Gram-Schmidt orthogaaion. It can be

shown that the partial derivative 8 (40%)With respect to lterwy is giveln by

@I-E) 1 X 2-p 2 Y( b i g
= p= e kk —_— ; 42
o - P on Q= (42)
sb 6k
where | =[ ;:::; gpl"isanNP  1vector,suchthat,, (1 p P)isanN 1vector
given by
1 . kWK
= = < S, AB(I 1) + <(SprAD =1;:::;P; 43
o= ot AB(G 1) (SprAb) WHw, p=1;:1 (43)

After gradient descent adaptation, the Iters of differesers are made orthogonal to each other
using the Gram-Schmidt procedure. The set of non-orthdgﬂmfzhorsfwkgE=l is transformed

into a set of orthogonal vectofsivkgff:l using the relation

X 1
\bk = Wy P(ij\bk) ; (44)

i=1

whereP (xjy) denotes the projection af ony and is given by

< X;y >

POy =

y: (45)
A.1 Further Simpli cation

The expression for joint probability of error (40) is a sun2dfterms (each term corresponding
to one bit vector of lengtK ). A further reduction in computational complexity can bedady
noting that a term corresponding to a particular bit veatdhis sum remains unchangedifs
replaced by b, i.e., all the+1s are changed to 1s and vice-versa. Thus, instead of summing
over 2€ bit vectors, we need to sum over orfly ! bit vectors, which implies a reduction in

computational complexity by a factor &f

B. Minimizing Conditional Probability - MCPOE

Although forcing the orthogonality of Iters of differentaers leads to a reduction in the com-

putational complexity of the algorithm, it still continuesbe exponential in the number of users.
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The computational complexity can be further reduced, alttethe cost of some degradation in
BER performance, by minimizing the conditional probabilitf error for each user individu-
ally, the expression for which was derived in Section II[f®e adaptive algorithm thus obtained
(MCPOE) has a convergence rate comparable to MJPOE and autatiopal complexity linear
in the number of users. Of course, there is a minor degradatiBER performance as compared
to MJPOE.

The aim of the MCPOE algorithm is to minimize the conditiopabbability of error,ijb
(38), conditioned on transmitted bit vectbrfor each user individually. Here too a gradient

descent approach is adopted for adaptively computing thienapweights which minimize the

@ j1 @ 1
= Vip = —— =1;:::;P 46
O T O " ()

Then it can be shown that

0 1
X X | X
Up = <@SuABI D+ AB AmpGnSE™ + A AmpGmsEm K
j=1 m=1 m=1
0 |6k 1
X X | X
Vkp = < %)SDLA B(l l) + Aj h ajm;p gjm Sj(Fr;Jm ) Ak akm;p Okm S(k?qkm )g :
_jglk m=1 m=1
J
(47)

Also, it can be shown that

@  kwikPug o awi
Qv K - kw k32

48
@ ka1 _ kwik?®vi g 1Wk (48)
@v k kw k32

Thus the derivative of the conditional probability of erafrthe k™" user,ijb, can be computed

using (47), (48) and the following:
! !

@PRp - exp Ejl @ ki1 1
@ 2 2 @y K 2

(49)
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B.1 Blind Adaptation

The MCPOE algorithm can be modi ed such that the adaptatfoles weights is blind, i.e.,
the need for a training sequence to be transmitted by eachsuskminated. Instead of using
training bits from each user in adaptation mode, the outpatspace-time matched Iter can be
used. The probability of error is now conditioned on the atipf a space-time matched lter
rather than on the received bits. This eliminates the nebdwhg each user to transmit a training
sequence. The space-time matched Iter can be thought afjpace-time counterpart of the code
matched lter. Details of its implementation can be foundi8h The detector thus becomes blind
in the sense that it does not require a known bit sequencesdiairtg; a knowledge of spreading
codes of the users is still essential. This modi cation dneshave a signi cant impact on the
performance of MCPOE. The same modi cation, however, wheareed to LMS or RLS, leads
to a substantial degradation in performance. The claimbistautiated by results presented in

the following section.

V. SIMULATION RESULTS

Simulation results are presented both for synchronous DSEE channels and asynchronous
DS-CDMA channels with multiple antennas at the receiver.SBRnodulation was assumed,
with the bits+1 and 1 being equiprobablem-sequences with spreading gain 15 were used
as spreading sequences. The channel model used here hgwipegnily taken from [8]. The
channel for each user was assumed to have 3 multiplsths 8). The receiver was assumed to
consist of a linear antenna array with three elemdnts (3) and half wavelength spacing, with
response given by

akm;p = exp[i (p 1) sin ( km)] ; (50)

wherej = P ~ land n, is the direction of arrival (DOA) of th&" user along then™ path with
respect to the antenna array. The multipath gains, DOA ampiggation delays were randomly

generated for all users and kept xed for the simulationd.uskrs were assumed to have equal
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transmit power. However, the received signal powers argqualedue to unequal strength of the
multipath gain for each user. This creates a near-far situat the receiver.

Fig. 2 depicts the convergence curves for the MCPOE alguriitr different SNR levels,
for an asynchronous multipath channel. The Iter weightavarge to a steady value in 10-15
iterations. Fig. 3 depicts the corresponding convergetais for the MJPOE algorithm. The
algorithm converges in 15-20 iterations. Convergencesgtattraining based LMS and RLS [22]
for a multipath channel are shown in Fig. 4 for comparisone TMS algorithm converges in
300 iterations whereas the RLS algorithm requires rougflitérations for convergence. Thus,
the convergence rates of both MCPOE and MJPOE are signiyctaster than other well known
adaptive algorithms such as LMS and RLS.

Fig. 5 depicts the steady state BER performance of the MCP@QEMJPOE algorithms,
vis-a-vis the non-adaptive MMSE algorithm, for a multipatannel. It is seen that the BER
performance of the MCPOE algorithm is inferior to the MMSBaithm, whereas the MJPOE
algorithm has BER performance superior to the MMSE algoritMJPOE is expected to perform
better than the MCPOE algorithm because it accounts fordahezero cross-correlation between
the decision statistics of various users by minimizing thetjprobability of error.

Fig. 6 represents the cross-correlation between the lérsvo different users in MJPOE
when Gram-Schmidt orthogonalization is not used, i.e.,ltees of different users are assumed
to be non-orthogonal in general. It is seen that the cros®lation dies down to zero as the Iter
weights attain a steady state, providing empirical prootlie assumption made in Section IV-A
(k=08KkK).

Fig. 7 depicts the comparison between training based MCR@Ecand MCPOE (using a
matched Iter front end). It is seen that there is no subséhohange in performance even if the
output of a matched Iter instead of a training sequence iapdation mode. However, as shown
in Fig. 8, the same modi cation when applied to the RLS adeggilgorithm, yields poor results.

The mean squared error at convergence for “blind RLS” is nhigher than that for training
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based RLS.

VI. CONCLUSIONS

Two new adaptive multiuser detectors, based on the cnitesfaninimum probability of er-
ror (MPOE) have been proposed in this paper. The former, NEJR@ns to minimize the joint
probability of error for all users simultaneously, whileetlatter, MCPOE, aims to minimize the
probability of error conditioned on the transmitted bit t@cfor each user individually. Both
detectors comprise of a linear Iter bank at the receiveg Weights of which are adapted us-
ing a stochastic gradient descent technique. The MJPOEithlgois blind, whereas both blind
and training based implementations are proposed for MCRGPOE offers a steady state BER
performance better than the MMSE algorithm, although agh kbmputational complexity. A
method to reduce the computational complexity of MJPOEethas the Gram-Schmidt orthog-
onalization procedure is suggested. The BER performan8GROE is inferior to the MMSE
algorithm but it has a computational complexity compardbléhe LMS detector (linear iiN).
The convergence rates of both MCPOE and MJPOE are signixdaster than well known
adaptive algorithms such as LMS and RLS. Thus, the MCPOFithhgohas advantages of a fast
convergence rate and low computational complexity, butlibadvantage of having a relatively
poor BER performance. The MJPOE algorithm on the other hasdlme advantages of a fast
convergence rate and a BER performance better than the MM&Etdr, but at the disadvantage
of being computationally intensive. Ideally, one woulcelito achieve MJPOE-like performance

at MCPOE-like complexity. Comparative results are sumpearin Table II.
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TABLE |

L, and y, forthe 2 user case for different transmitted bit vectors

Comparison Metric Comparison

Steady state BER MJPOE< non-adaptive MMSEK training based MCPOE blind MCPOE

Convergence rate MJPOE MCPOE (both blind and training basedRLS > LMS

Computational complexity MJPOE> RLS> MCPOE> (both blind and training based) LMS

TABLE Il
Comparison of various algorithms in terms of steady state BR, convergence rate and computational

complexity
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Fig. 1. DS-CDMA Channel Model for an asynchronous multipath channé with multiple antennas at the
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Fig. 3. Convergence curves for the MIPOE algorithm for an asynchroous multi-path channel, for 2 different

SNRs
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