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Blind Adaptive Noncoherent Multiuser Detection
for Nonlinear Modulation

Deepak Das and Mahesh K. Varan&enior Member, IEEE

Abstract—Noncoherent multiuser detection for nonlinear mod- the more general nonorthogonal signaling framework is that the
ulation was recently studied and the idea of phase-independent correlations between the signals in NMM can be regarded as
noncoherent decorrelation was introduced and three post-decor- design parameters [to increase bandwidth efficiency of OMM
relative detectors were obtained and analyzed. However, their im- f 12 th . It of a distorti h i
plementation requires the knowledge of the signature waveforms (cf. [2])] or they can arise as a result o a IStorting channetin
of all the users, which may be available only for centralized imple- €ven systems that use OMM. The multiuser channel that we
mentation. In this paper, we obtain ablind adaptive noncoherent consider has several NMM-based transmitters sending data
decorrelative detector for nonlinear modulation that is suitable for  jndependently and simultaneously so that a superposition of
distributed implementation with the knowledge of only the normal- several NMM waveforms plus AWGN is observed atthe receiver.

ized signals of the desired user and the additive noise variance. This T ltiol techni | di lated f
detector is based on the stochastic approximation method and does € multipie-access technique employed|s correlated wavetorm

not require the overhead of any kind of “training.” Two adaptive ~ Multiple access (CWMA) [1], where the signature waveforms
algorithms are developed, one guided by every signal in the desired employed by the different users can be correlated as well.

user’s signal set individually, and the other by the user’s entire Since the complex signal amplitudes are allowed to vary ran-
signal space. While this paper focuses on the particular problem domly and even independently from symbol to symbol, the blind

of blind adaptive noncoherent decorrelative detection, it addresses dati h t detecti laorith fthi |
a more general adaptation issue, namely, that of improving con- adapuve nonconerent tetection aigoritims orihis paperare aiso

vergence properties of an adaptive scheme by effectively using all @pplicable to slow and even moderately fast flat-fading chan-
the information that is known, and adapting only to the part of nels where the only requirement is that the zero-mean complex

the desired solution that is truly unknown. Convergence is shown fading amplitudes (as in Rayleigh fading) remain nearly con-
;?rﬁgi;‘:;?‘g zgeuﬁf;geevr;?gizﬁgs; Iﬁ; ?xgh;g%r?t);]en?:tep's'ze and giant over at least one symbol interval. Moreover, the detection
' strategies that we discuss need to be modified to combat inter-

Index Terms—Blind adaptive receivers, multiuser detection, gympol interference in the context of frequency-selective fading

nor:iczjonherent detection, nonlinear modulation, stochastic approxi- channels, an issue we do not address here.

mation. NMM can be viewed as pseudolinear modulation in the
expanded signal space of all the signals of all the users. This
. INTRODUCTION idea allows the specification of an energy-and-phase-indepen-

ONCOHERENT detection for nonlinear modulation fod€nt decorrelative operation in the expanded signal space to
the multiuser channel was introduced in [1] in the contex@Move the multiple-access interference (MAI) completely
of the additive white Gaussian noise (AWGN) channel. The neél- Three post-decorrelative detectors, namely, the optimum,
for noncoherent detection arises in applications where factole asymptotically optimum, and the generalized likelihood
such as oscillator phase instability, mobility of the transmittdftio test (GLRT) based detectors were obtained in [1]. These
and/or receiver, etc., cause rapid fluctuations of the carrfd¢tection schemes can be extendedriearly dependensig-
phase at the receiver that are difficult to track, and/or whélgling [3]-{5]. Improvement in terms of spectral efficiency and
phase-tracking is seen as an expensive proposition. A gen@(éqbabmty_of error performance beyond th_ese initial squFlons
nonlinear modulation technique that lends itself to noncoherdftthe multiuser NMM problem can be realized through signal
detection is nonorthogonal multipulse modulation (NMM$l€sign as in [2] and superior detection strategies. In the latter
where anM-ary symbol is transmitted by sending one fof con.te.xt, the reader can refer.to the (deterministic) poncoherent
possibly nonorthogonal and unequal-energy waveforms [1]. THECiSion feedback decorrelative detector for NMM in [4].
usual equal-energy orthogonal multipulse modulation (OMM) The deterministic NMM decorrelator (there até decorre-
method is a special case of NMM. The motivation for consideridgtors per user), as formulated in this paper, involves a compu-
tation of the pseudoinverse of the signal matrix consisting of the
. _ _ MK signal vectors in the expanded signal space. This requires
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of the user of interest and the estimated additive noise vadiescription, we note that in each of thé groups of M pseu-
ance. Moreover, the adaptation does not require any kind difusers each, the knowledge of all thesignals of the corre-
“training.” The results herein can also be used with the ogponding group (or user) is available. Therefore, it is more ap-
timum and asymptotically optimum post-decorrelative detepropriate to devise a blind adaptive decorrelator that is guided
tors provided the energies of thd signals of the user of in- by the group’s entire signal space. This is the basis of the second
terest are also known. The adaptation algorithms are basedB#ND and we shall refer to it as thgroup signal-space BAND
the stochastic approximation technique [6]. Even in a centralr, more succinctly, as the GS-BAND. This is the key contribu-
ized system where the signals are slowly time varying, it may kien in this paper. The GS-BAND attempts in a novel way to use
infeasibly prohibitive to compute the pseudoinverse every tines much as possible the signal space knowledge that is available
the changing signals are estimated, and one would need to imstae NMM problem, and consequently, we can show both ana-
the adaptation algorithms of this paper. lytically and numerically that it has superior convergence prop-
Past work in blind adaptive multiuser detection deals witérties at low computational cost.
coherent detection for linear modulation (where each user em-Beyond the particular multiuser NMM problem considered
ploys different levels of a single waveform). Several blind adapere, the general issue we deal with is that of trying to improve
tive schemes to estimate the two well-known decorrelating [gpnvergence properties of an adaptation scheme by effectively
and minimum mean squared error (MMSE) [8] detectors hausing all the information that is known, and adapting only to
been obtained that alleviate the requirement of system infornthat part of the desired solution that is truly unknown. Without
tion to varying extents. For instance, a blind adaptive algorithbeing seen in this light, this strategy has been employed, for in-
based on the minimization of the output energy was given in [9lance, in deriving the minimum output energy (MOE)-based
and shown to be equivalent to adapting to the MMSE detectegaptation rule in [9], where the authors employ a canonical de-
requiring only the signal waveform of the user of interest. Inomposition of the desired solution, and adapt to only the part
[10], an adaptive multiuser detector based on the least-squdked is orthogonal to the known signal. However, there has been
approach was proposed that converged to the decorrelating je-effort to show that the MOE-based rule is better than the
tector and was suitable for centralized implementation in thatsiimpler blind adaptation rule for the MMSE solution that was
needed the signature waveforms of all the users. In [11], bligigrived in [12]. In this paper, we shall explicitly show that the
algorithms based on signal subspace tracking were investigaiéen of decomposing the NMM decorrelator into two orthog-
and two algorithms which converged to the decorrelating amdal parts and adapting only to the unknown part (as in the case
the MMSE multiuser detectors were proposed. A blind adaptieé the GS-BAND) ensures better rate of convergence for the
decorrelating detector (BADD), which required the knowledgeS-BAND than that for the SS-BAND.
of the signal of only the user of interest and the channel noiseThe convergence to the deterministic decorrelator [1] in the
variance, was presented in [12]. The decision rule in each mean-squared error (MSE) sense, of a special Robbins—Monro
the above-mentioned schemes, in general, requires the recepl&diteration-dependent step-size version of both the SS-BAND
energy and the carrier phase (coherent detection) of the useafl the GS-BAND, follows along the lines of the classical proof
interest. Lack of knowledge of the carrier phase makes them @i-convergence of the stochastic approximation algorithm [6].
suitable for noncoherent reception. Moreover, the decision rulge proof of quasi-convergence of the fixed step-size version
for linear modulation are easily implemented once the detect@fithe SS-BAND is similar to that of the linear BADD conver-
has been estimated. This is no longer true for noncoherent gence proof in [12] (see also [14]). The fixed step-size version
tection for NMM where the decision rules can be fairly comef GS-BAND is studied in detail in this paper and shown to con-
plicated. As we will see later in this paper, blind NMM noncoverge with increasing iterations to the deterministic decorrelator
herent decorrelative detection has to not only estimate the deawith a limiting MSE that is proportional to the step-size chosen.
relator blindly, but also has to implement the post-decorrelative
decision algorithm in a blind fashion. A generalization of the II. SYSTEM MODEL
subspace tracking approach in [11] can be found in [5], which . .
addresses the issue of blind adaptive noncoherent detection foWe consider an NMM'CWMA system_, l.e., each user trans-
NMM. The subspace tracking method is computationally mo Its one ofM possmly nonorthogonal signals to seing, M
intensive than the simpler stochastic approximation based ad 2 .Of information. The symbol syn.chronous' superposmon of
tation strategies obtained in this paper. signals plus AWQN f’:lt the receiver admits the following
In order to appreciate the difference between the two BANd%W_paSS representation:
of this paper, we can view the NMM system equivalently as K
comprising of M K users organized i M—use_r groups, so .4y = Z Vi, %%k sy, (£) + n(t), te0,7] (1)
that in every group, only one user selected with uniform ran-
domness transmits its signal in a given signaling interval. With
this description, we can devise a blind adaptive decorrelator fehere n(¢) is the AWGN with noise power spectral density
each of theM K users, assuming it knows only its own signal(one-sided) ofs?, and sy;, (t),i. € {1,...,M} are theM
This adaptation strategy, guided by the individual signals of aspmplex, equiprobable, and normalized (to unit-energy) signa-
user, is referred to as ttengle-signal BANDor simply as the ture signals of uset, time-limited to a period’. 4y, is the symbol
SS-BAND. It can be seen as an extension of the BADD algtransmitted by usek and E;;, and¢;;, denote the energy and
rithm for linear modulation in [12]. In the equivaleff K user phase of thé;th signal of usek. Itis implicitly assumed that the

k=1
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phases remain constant over each signaling interval. No knowétting P, 2 (CLCk)_l, it follows from [1], that the GLRT
edge of the complex amplitudey;, ¢’** or their distribu- pased post-decorrelative detector for ugedetermines the

tions is assumed to be available at the receiver. decision for uset, as follows:
The low-pass received signal can be projected ontfy adi- )
mensional basis of orthonormal functiofi§ > MK) to yield . 1 Moo
the following vector representation for the received signal: tik = argmax Pu(i, ) - Bi(t,m)zim @)
K
r= Z VEi, %k spi, + 1 (2) wherePy(i,m) denotes théi, m)th entry of the matri¥P;.. The
b1 computation oP’;, can be accomplished by decompos@‘nbck

wheres.. andn are the proiections of theth user'si. th sianal into a product of lower and upper triangular matrices involving
ki © proj RN SIGNAL - o mputational complexity dB(IV M2 /2) whenN > M.
and the noise, respectively, on the orthonormal basis. For ex; ; .
. : . We now need to specify the exact form of the decorrelating
ample, in a system where the signals have a direct-sequepce :
. ansformationCy, for userk, and note from (6) that,., the
spread-spectrum structure, the orthonormal functions could ! . e
: . ) mth column ofCy,, should satisfy the following condition:
the so-called chip waveforms. The noise vetid a zero-mean
white complex Gaussian random vector with covariance matrix

o1, denoted ag)(0,0°I). Representing uset’s information

by the random vectds? 2 [br1, - - -, bras] which equiprobably
takes values in the set @ff A -dimensional unit vectors (each: q q h d b h lut
unit vector corresponding to one of thié signals that usek independent, there could be more than one solutioregr.

could possibly send), th&/-length received vector admits theffowever, it is easy to show that the unique solution lying in the
following pseudolinear model: column space d is the corresponding column of the pseudoin-

verse of the signal matri%, given as

STcrm = enr—1)tm (8)

wheree; is the M K-length unit vector with a 1 in théh po-
sition. Since thel{ K signal vectors are assumed to be linearly

r=SAb+n 3) o B
Ckm = S(STS) lel\l(kfl)+m )
with 8 = cee Spq e Sk CNXMK o _ _ _
bT = [bT 51 bZ] ZIM_ di%g?i&i ZI;']SAE GC amixwvric  andthisis the decorrelator we are interested in. The adaptive al-
- 12 ~MKDh - < IR i

. ; ; ithms to estimate the mat€¥; that we discuss next have the
andA; = diag{\V/Ern e/, ... VEel e, gonthr - Sk -

The conventional (single-user) noncoherent multiuser dfé)_llowmg desirable properties: they require only the knowledge
tector forms thel K-length matched-filter outputg = S'r of the user-of-interest’'d/ normalized signals, thereby facili-

(wheret denotes conjugate transposition), and then considé ing distributed detection, avoid the estimation and inversion

-1 _ /QtQy—1 IR -
as decision statistic for usér the A/-length subvectolyy, 0 tR' . (i S) I’ and are bl'.?(.j 'n:h?t thehy doﬂr‘mt require |
i.e., matched filter outputd/(k — 1) + 1 to Mk to apply the alraining phase. In any case, 1 1s not cliear how the commonly

following decision rule: used technique of employing training sequences can be applied
' to adaptive noncoherent decorrelation for NMM (where the en-
2 = arg max |yx(i)|%, ie{l,...,M}. (4) ergies and the phases of the received signals are unknown).

Unfortunately, this detector is susceptiblertear—far effects IV. BLIND ADAPTIVE NONCOHERENTDECORRELATION
since it does not adequately compensate for MAI which is theLet us define the K x MK matrix W 2 E(AbbT A')
E:lo]ntnbutmn iny; from the information sent by the other USEr$ v areE is the expectation operator. Thiej)th M x M block,
' W,;, of the matrixW is given asw;; 2 E(A;b;bTAT)
wherei, j € {1,..., K}. With independent NMM transmitters
_ _ _ sending data simultaneously, we can the assume that the phases
Let the decorrelator of interest (in the expanded signal spagg)different users are independent aid;; is the zero matrix
be denoted by th&/ K x IV phase and energy independent confor ; +£ j. Moreover, equiprobable signaling implies tha; is
plex matrix transformatiol, such that a diagonal matrix whose:th diagonal element i&;,,, /M. We
2= Clr = Ab 4+~ ) can now write the following equation for the output correlation:

I1l. N ONCOHERENTDECORRELATIVE DETECTION

Yy — 1 — ¥ 2
where~ is 7(0,02CTC). In order to decouple the multiuser B(rr!) = E[(SAb +n)(SAb +n)T] = SWST + o1

channel intoK single-user channels, we base the decision as (10)
to which signal is transmitted by usgronly on theM -length

- - . where we have assumed that the noise term is independent of
decision statisti@, given as

the received complex amplitudes and the information veator
7; = CLr — Ayby 4 T (6) In a slightly different scenafio _vvhere the phases of a]l the users
are the same (as in transmission for all users on a single carrier
where Cy, is the kth block of M columns of C and v, is from a base station in a cellular netwoK)rr') has the same
7(0, 02C£Ck). Note that this is an information-lossy operatioriorm as in (10) if the sign of the transmitted signal of every
that enables us to obtain a decision statistic for ds#rat is user is switched randomly and equiprobably from one symbol
free of MAI but ignores the noise correlation with other useriterval to the next. This does not alter the symbol-error rate
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performance of our detection strategy and moreover allows tRerther, with the stochastic approximation Bf,, namely,
remaining discussion in this paper to hold even for detection ¢, ,_ 2 (CL(l + 1)Ci(I + 1))~%, which can be computed
the downlink in a cellular network. efficiently as described after (7), uséis decision in the
[ + 1)th interval, is given b
A. SS-BAND (+1) gvenby

We will first obtain a blind adaptive algorithm for an arbitrary, 1
decorrelating solution,,,, such that the adaptation is guided b)’ik(l +1) =arg max Prarilisi)
sk individually. Starting with (8), we observe that '

M 2

A St (11) 130 P m)zmm(+ 1| ¢ (15)

m=1

It can be shown that if th&/ X signals are linearly independent,
then all the so!utlons o_f (8) and (11) fey.,,, coincide. _There- _ Group SS-BAND

fore, any iterative algorithm that converges to a solution of (1 _ _ _ . . _

also yields a solution of (8). If we now consider an estinéatg ~ 1he adaptation algorithm in (13) is a single-signal-based
of the vector-valued parametey,,,, and define a random vectoradaptation strategy where the correction term at each iteration

X (& ), parameterized by the estimate, whose realization in tHgpends only on the signal.... A more appropriate adap-
Ithinterval is given b (&, ) = (r()r(l)f — 02I)&g,, we can tation scheme for NMM would use the knowledge of Al
see at once, using (10), that signals. Without loss of generality, we will consider only the
decorrelator for user 1. First, for notational simplicity, let us
EX(n)]=E[x(O)r()’ —0’D)érm] =SWS'er,. (12) define the signal correlation matrix and its partitions as follows:
_ , o R = S7S,S = [S;|S1,R4 = SIS;, Rz = SIS, and
_Using the stochastic approximation method [6], we can dgg . _ g75, where clearlyS; is composed of the signals of
vise the following fixed step-size stochastic adaptation algﬂie remainingk — 1 users. Let us also define two blocks along

rithm to estimate a scaled versionmqf,, without the knowledge the diagonal ofW, namelyW, and W, where W, is the

of the user energies: M x M northwest block an® ; istheM (K — 1) x M (K —1)
Com(l+ 1) = crm (D) — u((r(l + Dr(l + 1)t — 621 southeast block. . - _ -
o ) = cnml) = ullrt o )'=o D From the results on inversion of matrices [15], the conjugate
'Ckrn(l)_skrn)7 m = 1,...,M. (13)

transpose of the desired decorrelator ma€ix (given by the

Not using the knowledge of the user energies in (13), hoirst M columns of the pseudoinverse $f can be written as
ever, causes the estimate of the decorrelator to converge at best -1
to a scaled version of the actual decorrelator, scaled by a fact§f?)' =R3'S1-R; 'R (RLRZIRB —RC) RLR;'S]
of M/ E,,.,. Using the scaled decorrelator, we obtain scaled ver-
sions of the decision statistiq.,,, and the term&’(¢,¢) and
Py (4, m) in (7). Itis left to the reader to verify that the decision N
rule in (7) yields the same decisions when the scaled terms ar®efining the matrix DI = R;lRB(RLRjRB —
used in place of the unscaled ones. Since only each sigpal RC)—1§I and substituting in (16) foR g andR¢ in terms of
is used individually in the adaptation in (13), we refer to this aB;, S, , we obtain the following:
gorithm as the SS-BAND. If we replace the fixed step-gisy . n
an iteration index dependent step-size sequendsatisfying Cl=S:Ry +P5 D1 17)
some conditions stated later), we obtain the Robbins—Monro
stochastic approximation based algorithm to estimaje.

1
+R;'Rp (RLR;lRB - RC) St (16)

Note that the matridD; captures the interfering signal space
In the rest of this paper. we will denote the proiection o erir]formation that user 1 has no access to, in a completely dis-
paper, Pro) P Eibuted system. Consequently, this is the part of the decorre-

tors for matrix¥ asPy = U(UT0) 10T andPL =1-Py. A :
key point to note is that since the solution of (11) is not uniquleator that we really need to adapt to. Denoting thh column

. . ) . of D, asdy,,, and themth column ofR;* asqi.,,, we obtain
we havg to ensure that if thg stochastic algo.nthm in (13) Cole following representation of theth decorrelator in terms of
verges, it does so tef, . (possibly scaled) as given by (9). Th|suser 1's group of signals:
is guaranteed i€y, (1) = Pscrm(l) almost surelya.s.), i.e., '

Pricim(l) # Psern(l)] = 0. It can be shown that a sufficient ¢, = S1qum + P dypm. (18)
condition for this is thaty,,(0) = Psc..(0). Note that for !
userk, any linear combination of it8/ signals is an acceptable We remark here that the orthogonal decompositioefgf in

value forey,,,(0), including ¢, (0) = 0. (18) is a generalization, to trgroup signal space approach, of
Computing the decision statisti¢sy.,,, (I+1) = czm(l)r(lJr a single-signal-based orthogonal decomposi#gp, = s1,, +
1}, m = 1,..., M, the updation of the decorrelator estimate,, S1m L 71m, as suggested in [9] in the context of the MOE

can be done efficiently with the following version of (13): solution for the coherent detection problem for linear modula-
tion. The GS-BAND is not, however, an extension of the MOE
crm(l+1) = (14 po?)epm(l) — p(r(l +1) rule because our detection strategy is a decorrelative one and not
U+ 1) = Skm), m=1,...,M. (14) based on minimizing MSE or output energy.
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In the case that user 1's signal subspace is orthogonal to W@ldlm(l) in (21). More precisely, with the assumption that
interfering signal subspace, we can exactly construct the cortiee signals are linearly independent, the recursion in (23) is
sponding decorrelators;,,, , with just the knowledge &8, ,i.e., O(N) and thatin (21) i$2(NM). The noise variance could be
C) = Slel. However, user 1 may not know whether this igstimated either once, before the filter updates, oriteratively asin
true of the signal set of its interferers and will still need to adagt 2], the latter being a?( /N ) computation. The subspace-based
tively determine its decorrelator matrix. adaptation scheme of [5], on the other hand, involves an

Using (10) and (11), we obtain O(N M K) subspace tracking step, followed by @iN M K)

Pl F_ 2 oL _ matrix multiplication step and finally a@ (N M?) orthonormal
E [Ps, (eI + Dr(l + 1)f = o°) (S1um + P, dim) | =0 basis decomposition step. Note thatthe(noise \)/ariance estimation
19 isa by-product of the subspace-tracking step.
where0 is the N-length zero vector. As in (13), we can now The convergence analysis of the two BANDs in the next
devise the following fixed step-size adaptation algorithm:  section provides analytical justification for preferring the
_ 1 2 GS-BAND over the SS-BAND and offers insight regarding
dim(+1) = dim(®) = o (Ps (el + Dr(l + ' - o) step-size selection. The effects of using an imperfect estimate
X (S1qum +Ps,d1m(1)) (20) of the noise variance on the convergence can be studied in

to stochastically estimaigy,,,. We can replacg by a step-size & manner very similar to that in [12] and, hence, will not be
sequence,, and with certain conditions gm,, obtain the Rob- included in the following discussion.
bins—Monro formulation of the adaptation algorithm. In either

case, atiteratioh+1, we can reconstruct the estimatg, (1+1) V. CONVERGENCEANALYSIS
from dy;,(1 + 1) by the relation In this section, we will investigate the convergence of the
cim(l+1) =S1q1m + Psﬁdlm(l +1). (21) GS-BAND along the lines of the analysis in [6] for the Rob-

Note that the adaptation rule does not require the knowledgepé?S_Monrq decreasing step-size and in [14] and [12]_for the
d step-size. We remark that the convergence analysis for the

the energy or phase of any of the signals received, and that E'ﬁ(g BAND is simil hat for the blind adantive d I

convergence here is to the actual decorrelator and not its scafet” Is similar to that for the blind adaptive decorrelator

version. The term$,qu,, and P& remain the same for eachfor linear modulation in [12], deviating only due to the differ-
1

iteration and, therefore, can be precomputed and stored. ~ €Nce in the model for the received signal, and is omitted here.
The recur,sion in (26) followed by (21) can be seen to pEhe interested reader will be able to find the elements that are

different, in the following analysis of the GS-BAND. For no-
; ) tational simplicity, we shall omit the iteration index on the re-
dim(l+1) = dim(l) = p(e(l + Dr(l +1)" — 0°T) ceived vector in the following discussion. We first define the
X (S1Q1m + Pg,dim(l))  (22) zero-mean vectof(l) as

followed by (21). In either adaptation scheme [(20) and (21) D2 PL(rrf — SWST — 521
(22) and (21)], we observe that all tiié signals of user 1 are %{( ) =s, (rx o) n
used explicitly as a group for each decorrelator and we shall x (Slqlm + Ps, (dim + Elm(l))) (24)

refer to this as the GS-BAND. For the purposes of proving thgnerec,,,, (1) = (dy,m (1) — dym) is the error after théth iter-

convergence of the GS-BAND, we will work with the pair (20)3tion. SINCESWST(S1q1m + Pd dim) = (Eim/M)S1m, We
and (21). As with the SS-BAND, we need to ensure that thg,, write the following recursioﬁ for the error-

GS-BAND, if it converges, does so tg,,, in (9). For this, we

require thaty,,,(I) = Pscy, (1) a.s. ltwill be showninthe con- e1m (I +1) = 1, (1) — pt (Pél S1W1S{Pg erm(l) + /3(1)) :
vergence analysis section ta§ di,,,(0) = PsPg, dim(0) is (25)

a sufficient condition to ensure this. This is a mild restriction on

the choice ofd;,,(0) since any linear combination of user 1'sRecalling that the GS-BAND is computationally more intensive

equivalent to

signals is an acceptable one, includihg,, (0) = 0. than the SS-BAND, the following result provides justification in
Interms of the decision statisties,,, (I+1) = Clm(l)r(l‘i‘l), terms of the rate of convergence for preferring the former.

form = 1,..., M, the adaptation algorithm in (22) can be Theorem 1:In the fixed step-size case, the optimum rate of

efficiently implemented as convergence in the mean of the GS-BAND is superior to that of

2 " the SS-BAND.
dim(l+1) = dim() + pomerm(l) = pr{l+ Dzin U+ 1), The proof of this result can be found in the Appendix.

(23) We now address the mean square convergence for the
With the current decorrelator estimatg (1), the post-decorrel- GS-BAND. Considering the norm squared of both sides of (25),
ative GLRT-based detector for the GS-BAND is implementei@king the conditional expectation, conditionedeqp,(!) = ¢,
in the same way as for the SS-BAND in (15). and noting from (24) thak[3(1) | e1,(I) = €] = 0, we obtain

It has been assumed in the derivation of both the SS-BAND Ell|evn(l + 1)||2 lerm(l) = €]

and the GS-BAND that the user has perfect knowledge of the tm Imit/ ==
noise variance. Details of estimating the noise variance are = [le]|* — 2ue"Pg, S WS Pg.
omitted here and the reader is referred to Section VI [12] for 2 Lo w atpl )’
the same. The only additional significant computation for the el (Pslslwlslpsl) €
GS-BAND, compared to the SS-BAND, is the multiplication + 12 BB | e1m () = €]. (26)
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Let us denote the space spanned by the columns of a matriy| < 1and|ay| < 1. Note that bothw ande; are equalto 1 at
¥ by (). In order to develop bounds on the various terms in = 0. We also note that both, and«; are locally decreasing
(26), we note, first, thad,,,, (1) [and, therefores,,,({)] willa.s. asy increases fromu = 0, since(dao/dp) | y=o = —2ko < 0

have a nonzero projection QW§1 S1) [16], [17]. This fact will and(dcy /dp) | u=0 = —2k; < 0. This means we can always
be useful in Lemma 1. choose: small enough so thaty| < 1 and|ay| < 1, in which
By induction on (25) (as in [16, eq. (16)]) case the sequencesandw;’ converge and the limiting MSE,

i.e., lim; ., v;, has finite lower and upper bounds. Some au-
eim(l) = Ppsﬁsl(slm(l)) +e1m(0) — Ppe s, (erm(0)) as.  ors call this ajuastconvergence result, since the MSE does
(27) not necessarily go to zero. With the normalized squared error

Clearly, the projection operatidPgPsﬁ leaves both the firstand (NSE) for user 1 at iterationfor the GS-BAND given by

the last terms on the right-hand side of (27) unchanged, and so, 1 M lles,,, — Clnl(l)||2
if d1,,(0) is such thatPsPg; 1,n(0) = Ppy g, (e1m(0)), the NSE() = ¢ > el (33)
' m= m

following will be true:PSLlslm(l) = Pspélslm(l) a.s. This ! ' ) )
implies thaic,, (1) = S1qum +Pa& (dim+e1m(l)) a.s. staysin the convergence result (and the following observations for the
the signal subspace, and will converge (as we will show shortfi>E) can be easily seen to extend to the expected value of the
to the desired decorrelatef,, . The results of the following two V>E- From the sandwich the02rem for convergence of sequences,
lemmas will help us suitably bouritk,, (I + 1)[[2 in (26). W& Naved < Timico v < {cop”/1 = ). We can evaluate the

Lemma 1:With e.,.(I) in (26) set equal toe and value of the upper bound in the extreme case, whenr 0, as
G = PLS,WSIPL, there existd) < ko < ki < oo, uo(con?/1—ao) =lim,o(cop/2ko — (ki +c1)p) = 0.

' ' - If the step-sizg: is chosen arbitrarily small, the MSE is seen to

such that . . S
converge to zero as the number of iterations grows to infinity.
kolle|l? < eTGe < kylel? This comes at a price, though, singe— 0 implies that the
and rate of convergence goes to zero. Thus, we observe the familiar
R2[el? < 7 G% < K2||e]>- 28) tradeoff between the limiting value of MSE that we can achieve

and the rate of convergence.
The proof of this lemma can be easily shown using the factsA time-dependent step-sizg which takes large values at the
that the error vector has a nonzero projection on the subspadzeginning and smaller values at the end would seem to be a good
(Pg,S1) a.s. and that the quadratic foraiaGe ande"G?e can  choice to ensure faster convergence as well as lower limiting

be bounded using the Rayleigh—Ritz ratio [15]. MSE. In fact, if the varying step-size sequence satisfies the fol-
Lemma 2: There exist constantg, ¢; such that lowing two simple conditions, known as the Robbins—Monro
conditions [13
0 < E[IBOIP [erm(D) =] S co+ el (29) [Oo] o0
The proof of this lemma can be found in the Appendix. Z m=oc  and Z 1 < oo (34)
l l

The results of the two lemmas above can now be used to prove
the mean-square convergence of the GS-BAND along the lingen, it can be shown from [6] and [12] that the GS-BAND con-
of [12]. From Lemmas 1 and 2, we develop the following boundgrges to the true decorrelating detector in the MSE sense, i.e.,
on Ef|le1n (I + D1 | e1m(l) = €]: lity—o E[||c1m (1) — ¢5,,,]|?] = 0. The corresponding result for
9 9 9 the Robbins—Monro version of the SS-BAND can also be shown
(1 = 2pky + kg |le| ¢ . . e
0 be true. An example of a step-size sequence which satisfies
< Ellewn(+ DI |etm(I +1) = €] the Robbins-Monro conditions j& = (a/b + 1), wherea and
< (1 — 2k + (K2 + 01)2 ,ﬁ) lle||? + cope®.  (30) b are constants.
The decreasing step-size algorithm is better suited for the ini-
Taking the expectation of the inequality in (30) with respegtal “learning” phase, whereas the fixed step-size algorithm per-
to ¢, and lettingu; = E[|le1,(1)||?], we obtain the upper and forms better in the “tracking” phase, when the algorithm has
lower bounds for;41, the MSE of the estimated decorrelatogufficiently converged and needs to only track changes in the
cim(l + 1), in terms ofy; as system. This is because the decreasing step-size sequence is ini-
. 2 92 tially relatively larger than a suitable fixed step-size that could
(1—2uk1+k0u )vl b .
e chosen, but eventually becomes too small to effectively track
L4 £ (1 — 2uko + (k% + Cl) NQ) v+ CON2~ (31) the system.
By definingag = 1 —2pko + (k3 +c1)p? andag = 1—2pk; +
k212, we can rewrite (31) as VI. NUMERICAL EXAMPLES
In this section, we illustrate the comparative performance
of the SS-BAND and the GS-BAND in terms of the NSE and
We observe from (32) that the nonnegative sequends the symbol-error rate (SER) for fixed and decreasing step-size
sandwiched between the two sequences generated accordirgases. We also make a comparison of these algorithms with
v, = aov] + cop? andv),; = aqv]. These two sequencesthe “canonical” single-signal decomposition-based algorithm
converge to finite numbers if and only/f is chosen such that adapted from the MOE approach of [9] to nhoncoherent decor-

a1v; L v+ < agur + CouQ. (32)
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Fig. 1. Averaged NSE of the GS-BAND for different step-sizes. Fig. 2. Averaged NSE of the SS-BAND, GS-BAND, CSS-BAND, and the

subspace-based BAND.

relative detection for NMM. Also included in our comparison Yecreasing step-size GS-BANR, = 1/ + 8) shows essen-

Is the more complex subspace based approach of [5]. tlaIIy the following trend: convergence, initially, is fast (when
In all our examples, the SER is computed as an average (oye

several trajectories of the blind algorithms) of the Monte— Carf e step-size values are relatively large) and becomes slower
Wlth an increasing number of iterations.
SER estimate for the adaptive decorrelator at every 2000th itera-
Example 2: We next consider a ten—user, quaternary sig-
tion. User 1 is the user of interest. The NSE for user 1 at 'tera“%glm example, with processing gain 64. The SNR is siight]
[ for the GS-BAND is given in (33) and for the SS-BAND [ac g P b 99 ghtly
counting for the scale factof®4/Ex,.)] is given as less than 20 dB. Fig. 2 compares the performance of the fixed
m step-size SS-BAND and the GS-BAND with two other BANDs.

) The plot labeled “CSS-BAND” corresponds to the stochastic
NSE(1 Z |(M/E1m)efy — cim(D)]] . (35) @pproximation algorithm that uses the “canonical” single-signal
M &~ [(M/E1m)elI? decomposition (as in [9]) of the decorrelator. More precisely,
the decorrelator is decomposed into the corresponding signal
The NSE averaged over several runs provides an estimateplfs a perpendicular part, where only the perpendicular part is
the MSE. The unit-norm signature signals are randomly genadaptively estimated. This is an intermediate decomposition
ated from a uniform distribution for the different users, but ondgetween the SS-BAND and the GS-BAND and the NSE perfor-
chosen remain the same throughout the adaptation. mance confirms this. For the same fixed step-gize 0.001,
Example 1: We consider a three-user, quartenary signalingpte the significant improvement in convergence as a result of
example with “processing gain” equal to 12—a bandwidth-effiising more of the user’s signal space information. The “sub-
cient system under the linearly independent signaling criterispace-BAND” corresponds to the subspace-based adaptation
The SNR is chosen to be 30 dB. In Fig. 1, we compare the a-[5], where we have chosen the version that uses a sliding
eraged NSE for the GS-BAND for different fixed step-sizesyindow of data in its subspace estimation and, therefore, like
namely,, = 0.0001,0.001, 0.01. The tradeoff between the lim- the other three fixed step-size adaptations, has tracking ability.
iting MSE (as indicated by the averaged NSE) and the rate Al the algorithms, in this comparison, use perfect knowledge of
convergence is evident from the figure. Fast convergence tke noise power. Moreover, for the subspace-BAND, an initial
quires a large step-size but comes at the price of a large M®Stimate of the received signal correlation matrix is computed
If it is required that the blind detector be very close to the dever 50 symbol intervals. The subspace-BAND showbding
terministic detector (low MSE), then a small step-size must andow length versus limiting MSEadeoff much like thdixed
used, but this has the effect of slowing down the rate of convestep-size versus limiting MSEadeoff shown by the other three.
gence. The requirements of a particular application will deter- Example 3: Using another ten-user example, we make some
mine the number of iterations that is acceptable and this in tushservations regarding a comparison of the subspace-BAND
determines the step-size and hence limiting MSE. At the tinaed the GS-BAND, and the robustness of the latter to inaccu-
of system design, it must be ensured that a blind detector witities in the knowledge of noise variance.
this limiting MSE can deliver acceptable performance. Note thatConsider Figs. 3 and 4. In Fig. 3, we plot the performance
this performance will necessarily be sub-par relative to that of the GS-BAND (with and without errors in noise variance)
the deterministic solution. This is the price that must be paid fand that of the subspace-BAND with sliding window length
blind detection with limited convergence time. For instance,a& ~1000 symbol intervals for an SNR af20 dB. We notice
step-size slightly larger than 0.01 will allow convergence in onlhat although the rate of convergence of the subspace-BAND
around 100 iterations, but at the cost of high limiting MSE. This better, it shows a higher asymptotic NSE floor than the
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1 = 0.001) and subspace-BAND (sliding window leng#i.000).
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Fig. 6. Simulated SER curves correponding to Fig. 5 for the conventional
Fig. 4. Averaged NSE for GS-BAND (with and without noise estimate erratetector, SS-BAND, GS-BAND, and DEC-GLRT (DEC-GLRT) detector upper
4+ = 0.003) and subspace-BAND (sliding window leng#2000). and lower bounds (the last two are indistinguishable).

GS-BAND. Further, there is almost no difference between thoth fixed and decreasing step-size sequepces 0.001 and
GS-BAND using perfect noise power knowledge and that using = 1/I + 8, respectively). Fig. 6 plots the corresponding
noise power estimates that are in error 120%. In Fig. 4, simulated SER curves for the conventional detector, the
we increase the sliding window length of the subspace-BANSS-BAND, the GS-BAND, and the deterministic decorrelator
to ~2000 and increase the step-size for the GS-BAND {®EC-GLRT). The post-decorrelative detector used in the latter
0.003. Now, we see faster convergence for the GS-BANiDree cases is the GLRT-based detector. Note that the BER
but with higher asymptotic NSE floor as compared to thepper and lower bounds for the deterministic decorrelator (see
subspace-BAND. Again, there is hardly any effect due to errfi]) in Fig. 6, which together form the bottom-most line in the
in the noise power estimate in the GS-BAND performancelot, are indistinguishable. Clearly the convergence, even for
We have observed this phenomenon over several numerited GS-BAND, is rather poor.
examples at reasonable signal-to-noise ratios. We next try to capture the rapid initial convergence of the
We conclude that, because of the dependence on a rigbtreasing step-size algorithm and the sustained convergence
choice of adaptation parameters, it is difficult to unequivocaligroperty of the fixed step-size algorithm by using a suitably large
compare the performance of subspace-BAND and GS-BANDBtep-size in the beginning and switching to smaller step-sizes
Example 4:We consider once again the signaling setufevery several iterations) as the adaptation proceeds. Adopting
in Example 1. The SNR is chosen as 20 dB. The superisuch a strategy for this example, where the starting step-size
convergence of the GS-BAND over the SS-BAND is oncis chosen to be 0.1 and every several iterations decreased by a
again evident from the averaged NSE plots in Fig. 5 (famall amount, differently for the SS-BAND and the GS-BAND,
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Fig. 7. Averaged NSE of the SS-BAND and GS-BAND with |mpro\/ed:lg 9. Simulated SER of the conventional detector, the SS-BAND,
step-sizes. GS-BAND, and DEC-GLRT detector for a Rayleigh fading channel. The
step-sizes are the same as in Fig. 5.

are, therefore, particularly relevant when phase estimation and
tracking over such channels is not dependable.

In this example, we compare the SER performance of the
SS-BAND and the GS-BAND with that for the deterministic
S— decorrelator for a Rayleigh fading channel using post-decorrel-
= ssBann ativ_e GLRT Qetection. The mean—squareq value_s of t_he Rayleigh
~ - DEC-GLRTupper ound) 1 fading amplitudes are the same as the fixed signaling energies

in the Gaussian channel case (i.e., the energies of all users are

equal to unity). All other system and adaptation parameters are
the same as for Fig. 6. Fig. 9 plots the simulated SER curves
for the conventional, the SS-BAND, the GS-BAND, and the
DEC-GLRT. Comparison of this plot to Fig. 6 shows a deteri-
oration (as is to be expected) of the performance for the fading
channel over that for the Gaussian channel. It is clear however
o : e — ) that the GS-BAND retains its superiority over the SS-BAND

Number of iterations «¢  even with fading. Again, it is possible to improve the perfor-

mance of both the algorithms by proper step-size selection.
Fig. 8. Simulated SER curves for the conventional detector, SS-BAND, and
GS-BAND (with improved step-size sequence) and DEC-GLRT (DEC-GLRT)

detector upper and lower bounds (the last two are indistinguishable). VIl. CONCLUSION

Simulated Probability of Error

Two blind adaptive noncoherent decorrelative detectors
leads to a significant improvement of performance as evideng@ANDs) for NMM are obtained that adapt without “training”
by Figs. 7 and 8 (compare with Figs. 5 and 6). The step-siaad require only the signals of the user of interest and the
sequences chosen for the SS-BAND and GS-BAND in ththannel noise variance. They are based on the stochastic
example have been arrived at by trial and error. A systemasipproximation technique and are suitable for distributed im-
method to arrive at such a sequence based on known sysfgementation. The first one, called SS-BAND, obtains each of
parameters can, perhaps, be studied along the lines of [18]. any user’s decorrelators by employing only the corresponding
Example 5: The SS-BAND and the GS-BAND can be apsignal to guide the adaptation algorithm, while the second,
plied in a frequency-nonselective Rayleigh fading channel sue8-BAND, employs the user’s entire signal set in the adapta-
as a channel with several point scatterers [19, Ch. 2] movitign design. It has been shown that both the fixed step-size and
slowly enough to cause relatively slow fading (complex anthe decreasing step-size (satisfying the Robbins—Monro con-
plitude constant over one signal interval), where the amplitud@ions) versions of the NMM-BANDs converge, in the MSE
of the received signal is a Rayleigh random variable and teense, to the deterministic decorrelator. The former, capable of
random phase is modeled as uniformly distributedipf~]. In  tracking system changes, converges with a nonzero-limiting
general, the blind algorithms are applicable to slow or mode"tSE, and the latter with zero-limiting MSE. The superiority of
ately fast fading channels (where the zero-mean complex amplie GS-BAND over the SS-BAND has been shown analytically
tudes remain constant over one symbol interval and can charge] numerical examples confirm this in terms of the MSE
in the worst case, independently, from symbol to symbol) armthd SER performance. With suitable step-size selection, the



1880 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 48, NO. 11, NOVEMBER 2000

GS-BAND algorithm in this paper can be competitive withof Pg., it is true that\ 5 (SWST) < Ay (P, SWST)
the computationally more intensive subspace-based methaatsd \; (Pg: SWST) < A, (SWST). It follows, then, that (39)
Although designed for the AWGN channel, they also finé true.

applicability in slow or moderately fast frequency-nonselective  Proof of Lemma 2:Using (24) and the fact that
fading channels. EB(D)|eim(l) = €] = 0, we obtain

f
APPENDIX ENBOI? | e1m(l) =] = (S1q1m + Pg, (dim +¢))

1
Proof of Theorem 1:First, we define the term XB(SlquFPSl(dlmJFE))
corresponding to3(1) in (24) for the SS-BAND as (41)

3 & o o 2a = ;
51(1) fi (tr N t.tSVt\fSh i a{a)qtﬁ(l)éswgzrﬁ[)cml(l) TheWhere B £ E@iPdnt] - (SWST + o)
€ estimate at ieration given by e 55 rule. ePSll(SWST + ¢%I). Using the model forr in (3), we

error eq_uatlon f0r~the SS-BAND can be written in terms of thgbtain the expansiorEfrr!Pdrrl] — E[(SAb + n)
error at iteratiort, £1,,,(1), as 1

(SAb + n)"Pg (SAb + n)(SAb + n)]. This expansion is

Eiml+ 1) = (D) — u (SWST&,, (1) + (1)) . (36) Made up of the following nonzero terms (the proofs are left to
il +1) = E1m(D) ( im{l) ()) the reader)E[(SAbbT AST) P (nnf)] = o2SWSIPg-

Taking the expectation of both sides of (25) and (36), condE[(SAbbTATST) Pa (nnf)]f = 0?Pg SWST,
tioned, first ore.,,, (1) = € andé1, () = €, and then over and  E[(SAbn') Pd (nbTATST)] = o2 Tracd Pd SWST),
€, respectively, we obtain the following: EnbTAfSIP& ISAbnT] = o2 Trace{SVVlSTP§ )L,
FpL T]1 = ot (P + TracdPg )I) and
Eleim(l+1)] = (I— yP< SWSTPL) Eley(l)]  (37) Elmn'Pgnn 5, s,
[fil ((+1)] = (I-pPg, oo s.) Eletm(D]  (37) E[(SAbBT ATSHYPL (SADbT ATSH] B (SWSh
Elé1m(I+1)] =X — uSWSHE[EL, (D] (38) !

Pg, (SWST) + (SLST), where L is an MK x MK
As has been discussed in the convergence analysis sectionig&ix with M x M nonzero blocks along the diagonal.
error terms in (37) and (38) above can be shown a.s. to lie@enoting by¥(a : b,c : d), the intersection of rows to b
the subspacegPg. S) and(S), respectively. As is well known and columns: to d of any matrix ¥, we let ©, 2 (S(1 :

in the least mean square adaptive literature [19], the rate B (k — 1)M +1: kM))"Pg S(1: N, (k— 1)M +1: kM).
convergence in the mean of the two adaptations GS-BAND aRdrther, we defineM x M diagonal matricesW; such
SS-BAND is dictated by the disparity of the nonzero eigenhat W = diag(W;, W, ..., Wg). The jth diagonal
values of P SWSPg and SWST, respectively. We will element of thekth diagonal block ofL is hence given by
show, therefore, that the eigenspread (ratio of the maximumy,; /M)(3, ,; TracdW;0;))+(EL;(M—1)/M?*)Ox(j, j).
and the minimum nonzero eigenvalues)®Rf SWS™Pg. is, The off-diagonal terms of thekth diagonal block of

indeed, smaller than that f&W ST, i.e., L are given by the negative of the off-diagonal terms
A (PL SWSHPL 7 of W;0,W;. It can be shown thatL is positive
1( S T STI)L < )\)‘I(S;)VWSS)T (39) semidefinite, and therefore, so iSLSf. We can now
A (Pg, SWSTPg, ) i ) write B =  (SLS') + o?TracdPg )(SWST) +

where the nonzero eigenvalues of the two matrices are in dé’-Trace((SWST)Psll)I + o* Tracg Pg. )L
creasing orderd; (Pg: SWSPg. ) > M\ (Pg SWSTPg ) > It follows from (41) that

-2 )\1\41\’—]\4(P§‘1 SWSTPé‘l) > 0 and \;(SWST) > ) :
A (SWST) > .o > Ay (SWST) > 0. We know that EIAOI [erm (D) = €] = (S1aim)' B(S1q1m)

Xi(Pd SWSTPE ) = \i(Pg SWST). Let us also order the + (dim + €)' Pg, BPg, (dim +€)
singular values asr;(Pg SWST) > o0y(Pg SWST) > + 2Re(e'Pg BS1qim)

. > 01\4[(_A4(7)§‘18WST) > 0 and O’l(SWST) > oRe(d! DL BS 42
02(SWST) > ... > oyr(SWSH > 0. Now, both +2Re(dy,, Ps BS1dum). - (42)

P§1 and SWS*, being nonnegative matrices, have uniquéith nonzero o2, the matrix B is positive definite

square roots (denoted by/PL and VSWST, respec- and using the Rayleigh-Ritz ratio [15], we can upper
q ( ¥/ 7, P bound (dim + )'PEBPY (din + € in (42) by

tively) that are also nonnegative. A|SO~¢(P§‘ SWST) = \max I(d 5 s . -
1 ax . 1m+6)||%, whereAs=_ > 0isthe maximum
(DL Pl JSWSTVEWST) —  A2(. /DL JIWST P BPS Pt BP2
)‘Z(Vrsl Y Ps, VSWSTVSWS ) Ay Ps, VSWST). eigelnvalhe ofPg BPg; . Also, thelterane(sTPSﬁleqlm)

Therefore in (42) can be upper bounded HP+ BS:1q1,.||% + ||¢/|%, and
2 S 2 2
ai< P /—SW8T) Y SNTYip— (PLSWST).  (40) l(d1m + €)||? can be upper bounded BY||dy,.||2 + ||]|?). It

follows from these upper bounds that
Using [20, Theorem 3.8], we obtain thaty  (VSWST) 0 < E[BD|* |e1m(D) = €] < o+ c1|e]]? (43)
Av_m(y/PE) < - & vSWST), and from [21], —
N -M( 775.1) S OMK M( LP& : ) [T] where ¢y = (S1q1m)TB(S1q1m) +2)‘P§-1BP§-1HC117"H2 +
the inequality0 < o1(4/Pg, VSWST) < X\ (VSWSH) 2Re(dT psLlleqlm) + ||P§_1leqlm||2 and ¢ =

1m

A1(y/Pg, ). Therefore, using (40) and the eigenvalue propertiéé\?;sii‘BP;1 + L



DAS AND VARANASI: BLIND ADAPTIVE NONCOHERENT MULTIUSER DETECTION 1881

(1

[2]

(3]

(4]

(5]

(6]

(71

(8]

9]
[10]
[11]

(12]

(13]
[14]
[15]
[16]

[17]
(18]

REFERENCES [19] S. G. WilsonDigital Modulation and Coding Englewood Cliffs, NJ:
Prentice-Hall, 1996.

[20] O. Macchi,Adaptive Processing—The Least Mean Squares Approach

with Applications in Transmission New York: Wiley, 1995.

A. R. Amir-Moez, “Extreme properties of eigenvalues of a Hermitian

transformation and singular values of the sum and product of linear

transformations,Duke Math. J.vol. 23, pp. 463-476, 1956.

R. Horn and C. Johnsofippics in Matrix Analysis Cambridge, U.K.:

Cambridge Univ. Press, 1994.

M. K. Varanasi and A. Russ, “Noncoherent decorrelative multiuser
detection for nonlinear nonorthogonal modulationEEE Trans.
Commun,.vol. 46, pp. 1675-1684, Dec. 1998. 21
M. K. Varanasi and M. L. McCloud, “Complex spherical modulation

for noncoherent communications,”froc. IEEE Int. Symp. Information
Theory Sorrento, Italy, June 2000, p. 163. [22]
M. L. McCloud and L. L. Scharf, “Generalized likelihood detection on
multiple access channels,” Proc. 31st Annu. Asilomar Conf. Signals,
Systems, and ComputePacific Grove, CA, Nov. 1997, pp. 1033-1037.
M. K. Varanasi and D. Das, “Noncoherent decision feedback multiuser
detection for nonlinear modulationEEE Trans. Communvol. 48, pp.
259-269, Feb. 2000.

M. L. McCloud and L. L. Scharf, “Interference estimation with appli-
cations to blind multiple access communicatiolEEE Trans. Inform.
Theory vol. 46, pp. 947-961, May 2000.

D. J. Sakrison, “Stochastic approximation: A recursive method fc
solving regression problems,” ixdvances in Communication Systems
2, A. V. Balakrishnan, Ed. New York: Academic, 1966, pp. 51-106.
R. Lupas and S. Verdu, “Linear multiuser detectors for synchronot
code-division multiple-access channell£EE Trans. Inform. Theory
vol. 35, pp. 123-136, Jan. 1989.

Deepak Dasreceived the B.E. (with honors) degree
in electrical and electronics engineering from Birla
Institute of Technology and Science, Pilani, India, in
1992, and the M.S. degree in electrical and computer
engineering from University of Colorado, Boulder, in
1997.

From 1992 to 1995, he was a Software Engi-
neer/Systems Analyst at Mahindra-British Telecom

U. Madhow and M. L. Honig, “MMSE interference suppression for di- Ltd,, first in Bombay, India, and later in London,

rect-sequence spread-spectrum CDMFEEE Trans. Communyol. ¥ UK. Hes currently working toward the Ph.D.
38, pp. 509-519, Apr. 1990. degree in electrical engineering at the University

M. L. Honig, U. Madhow, and S. Verdu, “Blind adaptive multiuser de-0f Colorado, Boulder. His research interest has primarily been in the area of

tection,”|EEE Trans. Inform. Theorwol. 41, pp. 994-960, July 1995. Multiuser detection and power control.
D. S. Chen and S. Roy, “An adaptive multiuser receiver for CDMA sys-

tems,”|EEE J. Select. Areas Commuwol. 12, pp. 808—-816, June 1994.

X.Wang and V. Poor, “Blind multiuser detection: A subspace approach,”

IEEE Trans. Inform. Theorwol. 44, pp. 677-689, Mar. 1998.

S. Ulukus and R. D. Yates, “A blind adaptive decorrelating detector

for CDMA systems,”|EEE J. Select. Areas Commumwol. 16, pp.

1530-1541, Oct. 1998.

H. Robbins and S. Monro, “A stochastic approximation methdd.

Math. Statist. vol. 22, pp. 400-407, 1951.

Y. Z. Tsypkin, Adaptation and Learning in Automatic Systemélew

York: Academic, 1971.

R. Horn and C. Johnsomatrix Analysis Cambridge, U.K.: Cam-
bridge Univ. Press, 1993.

Mahesh K. Varanasi(S'87-M'89-SM’95) received
the B.E. degree in electronics and communication
engineering from Osmania University, Hyderabad,
India, in 1984, and the M.S. and Ph.D. degrees
in electrical engineering from Rice University,
Houston, TX, in 1987 and 1989, respectively.

In 1989, he joined the faculty of the University
of Colorado at Boulder in the Electrical and
L. Gyorfi, “Adaptive linear procedures under general conditiotSEE Computer Engineering Department where he is
Trans. Inform. Theoryol. IT-30, pp. 262—-267, Mar. 1984. now an Associate Professor. His teaching interests
W. F. Stout,AlImost Sure ConvergenceNew York: Academic, 1974. include communication theory, information theory,
G. Ch. Pflug, “Non-Asymptotic Confidence Bounds for Stochastic Apand signal processing. His research interests include multiuser detection,
proximation Algorithms with Constant Step Size,” Monatshefte fir space-time communications, equalization, signal design, diversity communi-
Mathematik Berlin, Germany: Springer-Verlag, 1990, vol. 110, ppcations over fading channels, and power- and bandwidth-efficient multiuser
297-314. communications.




