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Blind Adaptive Multiuser Detection for
Cellular Systems Using Stochastic
Approximation With Averaging
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Abstract—in this paper, we consider blind adaptive multiuser computationally simple recursions based on only the available
detection in correlated waveform multiple-access-based cellular system parameters and, additionally, to proceed withoutthe use of
radio networks. A common stochastic approximation (SA)-based training sequences. Among several other schemes, a blind adap-

framework is proposed from which three blind adaptive algo- fi lqorithm based on the minimizati fth tout
rithms for linear minimum mean squared error detection are 1V€&lg0rthmbasedonthe minimization ofthe outputenergy was

obtained. Two of them coincide with previously proposed algo- Proposed in [4] (and was shown to adapt to the MMSE detector),
rithms and the third is shown to be best suited for implementation and blind adaptive algorithms for decorrelation and MMSE

at a base station. The work here also improves these SA-baseddetection were presented in [5]. These algorithms are guided
adaptation algorithms in the context of cellular radio networks, in by only the signal of the user of interest and we refer to them as

terms of convergence properties by using the more recent results . - . . .
on the SA technique with averaging Convergence issues of the the single-signal (SS) adaptations in this work. They are, hence,

different adaptations are investigated and numerical examples are Suitableforfully distributedimplementationasatamobile.
presented to demonstrate the performance improvement due to  In this paper, we focus on the up-link and consider a common

averaging. framework for stochastic approximation (SA)-based blind adap-
Index Terms—Blind adaptive detectorS, correlated waveform tiVe multiusel’ deteCtOI‘S at the base Station. The SS b“nd adap-
multiple-access, cellular wireless systems, multiuser detection, tive detectors of [4] and [5] can be easily obtained from our
stochastic approximation. common framework. In general, however, a base station will
likely have more system information (such as the signal and the
timing information of users in its own cell) and computational
capacity than an individual user. Hence, we propose a new al-
C ELLULAR systems, which have received much attentiogorithm that takes particular advantage of this additional knowl-
in recent years in the wireless communications literaturggge. This algorithm, therefore, converges more quickly to the
provide a natural application for multiuser detection. It is wefy\pSE solution than its SS counterparts. In the case where the
known that multiuser detectors yield significant improvements;se station has the required information for only a subset of all
in performance over single-user detectors in correlated waygsin-cell users, the rest of this discussion can be equivalently
form multiple access (CWMA) systems (cf. [1]). Since optimur@gne in terms of known and unknown users.
multiuser detection is generally exponentially complex in the ajthough several existing adaptive multiuser detection algo-
number of users, subsequent research has yielded several gihns are applicable to up-link detection (cf. [6]-[9]), we have
optimal detectors, including the two well known linear deteqmijted a comparison of our algorithms with only those that use
tors—the decorrelating [2] and the minimum mean-squareghe subspace tracking technique [10]. Specifically, [11] and [12]
error (MMSE) (3] detectors. When all system parameters af@ye recently proposed adaptive detection schemes that are suit-
known, these detectors, infg-user system, would require thegpe for implementation at base stations. These papers present
inversion of ak” x K matrix. a hybrid multiuser detection scheme that combines a decorrela-
The study of adaptive multiuser detection schemes is motivat@gh: projection out of the known signal space of the in-cell users,
mainly by incomplete knowledge of the system parameteig,q plind adaptive MMSE detection to combat the unknown
Such schemes generate estimates of the multiuser detecgRfisof-cell multiple-access interference (MAI). This hybrid so-
stochastically fromthe received data. They can be designedto Wgg)n is however constrained by the dimensional requirements
that make the decorrelating projection feasible, and also by the
Manuscript received June 6, 2001; revised September 10, 2001. This wemputational complexity of subspace tracking. Of course, ex-
was supported in part by the National Science Foundation (NSF) under G’?M)iting the knowledge of the entire in-cell signal space helps
NCR-9725778 and Army Research Office (ARO) under Grant DADD 19-99-1- . . .
0291. This paper was presented in part at the IEEE International Symposiuntia€S€ blind multiuser detectors to show improved convergence
Information Theory, Sorrento, Italy, June 2000. properties. However, it is to be noted that the linear MMSE de-
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The rate of convergence of SA methods has for a long time Ill. LINEAR MULTIUSER DETECTION
been of great interest both from a theoretical and a practical
point of view, and has been largely addressed in terms of ad
tively optimizing the step-size sequence used. In a couple of f
damental papers on the SA technique, Ruppert [13] and Poly, the diagonal matrix of the out-of-cell interfering
[14] showed under certain assumptions that with a decreaslngq9 energies (as received at base 1)Vis;, = diag
step-size sequence that decays slower than the usual Rob 15]1?59121 e WKy 2GKa Ly -~y WIBGLBLs - - -5 WisBIK s BL.
Monro step-size sequence, significant improvement in conv 'Iinear’detéctorz for zusék ir; cell 1.0 ’< k’ < 1;(1 an be
gence can be achieved if the output of the conventional SA resented by the vector,;, such Ehat the d_ecisic;n for user
gorithm is averaged. In this paper, we further improve the e “is given by '
ficiency of blind adaptive multiuser detection on the up-link in
a cellular radio network by using the concept of averaging. We
analytically show the convergence of the “averaged” adaptive

schemes, and numerically demonstrate the resulting improvghere (1, , 1,) denotes the usual inner product of vectess

l\/Vithout loss of generality, we will consider detection
¥ base 1. Let us denote the diagonal matrix of in-cell
er energies adV,; = diaglwi1g111,-- . WK 19K, 11]

z’kl = sgn({y1, Tx1)) )

ment in performance. and,. Let F denote the “Expectation” operator. Noting that
Il. SYSTEM MODEL AZE [viy1] = SiWi1ST
We consider a cellular network model of [16] in which there B K -
are B base stations anll’ active users withk; users assigned + Z Z wirgi1Sy (8i7)
to basej. For simplicity of presentation, we assume that each I#1 i=1
base employs a common set 8f matched filters matched to 5 K - )
orthonormal basis functions that span the entire signal space. + Z Zwugmsu (si)” +oil,
The discussion in this paper remains valid for the case where I#1 =1
i ; i , A S~k /G
any base station, sgy uses a different set @f; < N matched 2 8, W ST + S, Wyi(S)T

filters matched to the orthonormal basis of some possibly “re- atvxr  raT 9
duced” signal space that includes the signals received from the +SIWu(S)" +oil (3)

users within its cell. While the transmissions of the mobile USEi%e solution over all linear detectors of the minimization of the

of a particular cell arrive at the bases of other cells symbol-asyf, . | squared error, i.aniny,, E[(bu — (y1,m))?], is the
y I T k1 9 bl 9 ’

chronously, itis assumed, for the sake of simplicity, that they g0 5 \MSE multiuser detector. This is given with scaling as
rive at their own base symbol-synchronously. It is also assu ‘funique solution to the equation (cf. [1])

that while the receiver at bagehas knowledge of the common
timing of the received signals of its own cell, it does not have N 4)
the timing information associated with signals of other cells.

The discrete-time model for th¥ matched filter outputs at where we note that positive scaling does not affect the decision

basej can be expressed as rule in (2).
< SR IV. BLIND A M D
. BLIND ADAPTIVE MULTIUSER DETECTION
i = Y giisiihii ¥ Y Y Juagi;
i=1 1£5 i=1 In this section, we will present a common framework for ob-

x (s;b;; +s4bf) +x; (1) taining different blind adaptation rules to estimafe.

From the theory of iterative methods to solve linear equations
wherew;; andb;; denote the transmit power and the transmitteld 7], we can form the following general deterministic iteration:
symbol (binary antipodal signalling, i.e:1), respectively, of
user: of basel. The channel gain of théth user of basé to cri(n+1) = (I — 4 QA)er1(n) + pQsi1 ®)
basej is denoted byy;;;. The vectors;; denote the vector rep-
resentations (the “signature sequence”) of the signal ofiusfer that converges to the desired solutign of (4), whereQ is a
basej. The vectors;; ands;, denote the vector representationgonsingular matrix, whose inverse is called the splitting matrix.
of the segments of the signals associated with the two symbdistochastic version of (5) is obtained by replaciAgby its
of useri of basel, b;; andb;}, respectively, that overlap with theinstantaneous stochastic estimgién + 1)y1(n + 1)*, i.e.
symbol interval of interest at bage x; is an/V-dimensional -
zero-mean Gaussian random vector with a covariance matfix (7 +1) = (I— 1, Qy1(n + Dy1(n + 1))

equal too?1. x cx1(n) + nQsk1.  (6)
Let us define the signal matri; = [s1; s2; --- sk,;]

whose columns are, therefore, the signature sequences ofRg@lacingQ by the identity matrix leads to the following simple

users of basg. Also, forl # j, define the signal matri$; = SA-based algorithm [5]:

[s1: S; = Skl andS;t = [st; sf; - s}'}ll]. Let the diag-

. . . . _ T
onal matrix of all the received user energies be definé@as= k(7 +1) = (I = pyi(n + Dy1 (0 + 1)7)
dlag[wljgllj co WK 19K 145+ - -y W1BY1Bj ---wIS’BBgI(BBj]' XCkl(n) + tnSk1 (7)
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wherey,, > 0is a suitably chosen fixed or decreasing step-siz
sequence, and the computation involvedigV). The choice
of step-size will be dictated by the convergence analysis i
Section VI.

Let Px = X(X*X)~!XT denote the projection operator
onto the column space of matiX andP% = I — Px the pro-
jection operator onto the orthogonal subspace. Using the canc
ical representation for the (scaled) MMSE linear detector

1
T A —
st A sp

ckl =Sl +Pr1 Wherepgy Lspgr (8)

we next ask whether there is afyin our common framework
(6) that will help us form an adaptation rule to estimate jugt
(since the base station already knaws). We find thatij s
the right choice and this yields the following algorithm:

skt 4+ Pri(n+1) = I — 1, Py yi(n+ Dyf (n+1))
X (sp1 +pri(n)) + /anP;_klskl 9
cri(n+1) =sp +pr(n+1) (10)

Fig. 1. Seven-cell cellular system with 12 users per cell.
where, of course, the second term in the right-hand side (r.h.s.)
of (9), unP3 si1 = 0. Further, we require th@;. pi1(0) =
pi1(0) and note thap,, (0) = 0 satisfies this condition. The ., 1se approximation aA. In this caseQ can be replaced
adaptation rule in (9) derived quite naturally from (6) can B! in the stochastic version of (5), and as we will show
shown to be identical to the one in [4], where it was derived difz

L X “'later in this paper, this could considerably improve the rate of
ferently by minimizing the output energy. An alternative derivésonyergence over the SS algorithms, albeit, with some increase

tion of this rule as a stochastic gradient algorithm to estimate tfﬁecomputational overhead. More precisely, with the knowledge
solution of an unconstrained optimization problem can be fouRd ihe signals of the in-cell users, their energies, and the noise

. Lo R e .
in [20]. ExpandingPy,, = I—sp1s;, in (9), we can verify that \riance, we formulate the following stochastic adaptive rule
the recursion in (9) involve® (V) computation. for the estimation ok :

Both the recursions in (7) and (9) are based on the knowl-
edge of only each user’'s own signal, i.&,;. We will refer to cr(n+1)=(1- unB_ly1(n + Dyi(n+ 1)T)
these SS-based adaptation algorithms as the SS algorithms. The % cra(n) + B s (11)
“simpler” recursion in (7) will be referred to as the ‘S-SS’ rule

and the “canonical” decomposition based recursion in (9) as iere the matriB— is known at the base station and, there-
‘C-SS' rule. fore, the vectoB !s;, can be precomputed and stored. Note
We next ask the question whether our common iteratiyRatB—'s,, can be viewed as the “single-cell” MMSE receiver
framework does in fact suggest new algorithms to estimatgat ignores the out-of-cell interference. The multiplication by
the linear MMSE receiver that uses more of the informatiOB—l in the correction term in (11) makes the overall Computa_
available at the base stations. The answer is “yes.” One W@hal complexity of the recursiafi( NV2), which in a bandwidth
would be to decompose the desired solution in terms of Wnﬁﬁcient System with low processing gain, may be an accept-
is known and what is unknown (an extension of the canonicghle burden. In any case, we can rewie! as(1/02)(I —
decomposition idea) and apply the common framework ky, (52w, + S7'S;)=!S7) in (11), to obtain an order of com-
finding a suitableQ to estimate only the unknown part. Wepytation of O(N K ). We will refer to the “Orthogonalization-
explore a different approach by first noting from the leagfased SA algorithm as the O-SA algorithm. Issues such as signal
mean square (LMS) adaptation literature [18] that the mofgismatch and imperfect noise variance estimate in the compu-
disparate the eigenvalues of the mate the slower the tation of B! can be investigated along the lines of [4] and [5],
rate of convergence for the recursion in (7) with a fixegespectively, and will not be discussed in this work.
step-sizeu. The goal, therefore, is to effectively “cancel” the The following example compares the performance of the
correlatedness oA. This is typically accomplished by what|ow-complexity SA-based techniques with the higher-com-
is called “orthogonalization” [19], which could be achievedp|exity subspace-based techniques.
for instance, by replacin@) by some approximation oA~ Example 1: We consider a synchronous seven-cell (12 users
in (6). This approximation could be a fixed one or an estimajyr cell) system as shown in Fig. 1, where the cell of interest is
that is stochastically updated (and improved) as the adaptat{fg cell in the center. The gains to every base station for each user
proceeds. To obtain a candidate for a fixed approximatiog,calculated using a/d* path-loss law, wherd is the distance
we first note that withB 2 S1W1:ST + o21, we can write to the base station of interest. The transmitted powers of all users
A = B+ STWi(SDHT + STW11(SHT. In a cellular are the same. The user of interest in cell 1 is received at the base
system where the out-of-cell interferers are typically weaktation with a SNR of 28 dB. The randomly chosen unit-energy

B is the dominant part ofA, and can be considered as a
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140 ' ' ' ' ' ; ' ' ' information based algorithm O-SA also benefits significantly
(in this case using the knowledge Bf 1) and shows the best
1207 1 rate of convergence and out-performs both the subspace-based
techniques in this example.
100
. I V. BLIND ADAPTATION WITH AVERAGING
%’ o A recent fundamental development in stochastic approxima-
& - Hybid tion is the idea of averaging as introduced in [13] and [14]. In
% o Meepce the former work, a linear algorithm for the one-dimensional case
- F-Subspace was considered, and asymptotic normality of the procedure was
ol = = MMSE-single cell ] . . . .
- C-Ss proved. Multidimensional problems were considered in [14] and
oSS ond under certain assumptions, mean square convergence for de-

201 creasing step-size adaptive algorithms followed by averaging

.............................. mimimimemmmmmmmmmmed WAS demonstrated. The improvement in convergence is essen-
: : : : 5, tally aresult of averaging a SA algorithm that uses a step-size
Number of iterations «10'  sequence that decays more slowly (or, is relatively “larger”) than
the a/n step-size that was used in the original Robbins-Monro
Fig. 2. SIR versus number of iterations for the S-SS, C-SS, O-SA, and ffmulation. It was further shown in [15], that almost sure (a.s.)
subspace-based F-subspace and H-subspace adaptive rules. Also shown agotheergence is achieved even for a suitable fixed step-size SA
ey nalralegy with averaging, and this was “optimal”n terms of the
style.) convergence rate and the asymptotic error covariance matrix. A
lot of work has since followed in stochastic approximation using

the new ideas on averaging, (cf. [22] and [23]). Applying the av-

signals have processing gain of 31. The in-cell users are Iineaé%gmg technique to the general SA rule in (6), i.e., including
independent. The starting vector for each recursion is cho averaging step after the “basic” recursion, we get

to be the zero vector. In Fig. 2 we have plotted (as horizontal
lines) the SIR achieved by three deterministic receivers—the er(n+1) = (I - pQyi(n + Dyi(n+1)7)
optimum SIR achieving MMSE receiver in (4), the single-cell

MMSE receiver discussed in the preceding paragraph and the X ex1(n) j Qi1 (12)
“hybrid” or “group” MMSE receiver of [11] that applies (to Gi(n+1) = 1 nf: e (i)

the receive signal) a decorrelative projection out of the known kL n+1 ot M

in-cell signal subspace and MMSE interference cancellation for 1 =

out-of-cell interference. The figure also plots the SIR perfor- =T 1(n6k1(n) +cri(n+1))  (13)

mance of the SA-based adaptations S-SS, C-SS and O-SA with
fixed step-sizes, and of two “subspace”-based adaptations déere 1, is a suitably chosen fixed step-size. In a slowly
noted as “full” or F-subspace and “hybrid” or H-subspace, rehanging nonstationary environment one should implement the
spectively. The F-subspace algorithm is based on estimating #veraging over a finite window of past estimates for improved
signal subspace that the received signal lies in and adaptftrgcking” properties. For the purpose of convergence analysis,
blindly to the subspace version of the MMSE receiver in (4however, it is more convenient to consider the averaging over
A formulation of this is not included here and the reader is eall past estimates as in (13) above.
couraged to refer to [10]. The H-subspace algorithm, describedlhe three rules in the previous section combined with aver-
in [11], is also a subspace estimation-based adaptation thaagsng will be referred to, respectively, as S-SS-AV, C-SS-AV,
designed to converge to the “hybrid” MMSE receiver. The suland O-SA-AV. Note that the system requirements and the com-
space adaptations in this example have been “idealized” in fhtational complexity for the recursions with averaging remain
sense that the eigen-decomposition of the estimate of the cotree same as for the nonaveraged ones in (7), (9), and (11). In
lation matrix (which is given by a running average of the termaach of the rules above, the “smoothing” effect due to the aver-
y1y}) is done at each iteration by the Matlab routine “eig.” Foaging allows the basic recursion step to use relatively “larger”
a stationary environment as in this example, this sets an upptap-sizes than would be feasible for the nonaveraged adaptive
bound on the performance achievable with subspace trackiudes. This is essentially the basis for the improvement in con-
techniques such as projection approximation subspace tracieggence that our numerical examples will later demonstrate.
algorithm (PASTd), etc. Although our work was done independently, the authors
Note that subspace-based techniques perform better thawe since discovered that the technique of averaging has
the S-SS and C-SS rules. In fact, even though the F-subspheen applied to blind multiuser detection in [20]. This paper
is the only adaptation here that is guaranteedymptotically investigates the averaged version of the minimum output energy
reach the maximum SIR (in this simulation, convergence (MOE)-based rule in a single-cell synchronous system and
not achieved even for 20000 iterations), it converges slowsmows, using a result from [21], that the technique of averaging
than the hybrid technique which benefits noticeably frorensures performance comparable todhev?) recursive least
the added use of in-cell user information. The other in-ceduares (RLS) method with onl§(/N) complexity. We note
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that this work addresses multiuser detection strategies for tBRolesky factorization oB—! = LL? (L lower triangular),

more general, typically asynchronous, cellular system arljs is obtained as

consequently, our proof techniques account for this (we also do - -

not require the approximation of fourth-order statistics in ternfg1 (7 + 1) = (I = s L7 y1(n + Dy1(n + 1)7 L)

of second-order statistics as in [20]). Moreover, the averaged x dii(n) + p Ll sp (14)

MOE-based adaptation rule (derived differently in this paper . . 1.1

than in [20]) is only one of three blind detection rules that wyhere we are trying to estimaty, = L™"A""sy,. The es-

investigate. timate of the MMSE SO|Ut.I0n'IS obtained @1(n +1) = '
The averaged adaptation rules discussed in this sect’dﬂ’“l(” +1). The symmetrization of the algorithm makes a di-

can also be implemented with a suitable decreasing step Jigg! application of the resu_lt inh[24] Fi/(\)/_siible.’ tT)Treby;?abl_ing
sequence (of the form/n?, wherey € (0.5,1), see [20], a more compact presentation here. With suitable modification,

[15]), but we will consider only the fixed step size versiongneﬁan show a.s. convergence for the O-SA algorithm as stated
that are more suitable for tracking a time-varying environmerit (11). .
Due to asynchronocity of out-of-cell users, we cannot make

The tracking ability of the averaged adaptation rules can ﬂ%_ i d tion. Th ved vector is. h i
improved by suitably changing the averaging step, and o I-1.d. assUmPpTon. | he recelved vectoris, however, stationary
ergodic. Now, let the step size be chosen to be a decreasing

such method using a “forgetting” factor has been suggested

the C-SS-AV rule in [20]. sequence of the formy/(a; + n) and let
A, =yi(n)yi(n). (15)
VI. CONVERGENCEANALYSIS Since{LT A, L} is an ergodic sequence aft| LT A, L||* <

. S ~o, by Proposition 4.3 [25, Ch. 1], we know thgiL? A, L||?}
In our convergence analysis, we will primarily focus on. 150 an ergodic sequence. The maliXAL with A as de-

the O-SA and O-SA-AV algorithms, the new algorithms in. X . - - :
this paper that are suitable for up-link detection. First, V\?med In (3) is clearly positive definite. By Theorem 1 in [24]

investigate the convergence of these algorithms for the gen @ai\?ce all the conditions are satisfied a.s.) we can then say that

9 9 ) 9 geng I e dii(n) = L7*A71ls;; = dj1 a.s. (the proof can be
cellular network model of Section Il where out-of-cell users arg . I .

; . . . ound in [26]). The last result implies théin,, .. cx1(n) =
asynchronous. Note that in this case the received signal vec O — o as
at a base station cannot be assumed to form an independent, L TRl G
identically distributed (i.i.d.) sequence. The i.i.d. assumption i Convergence of the O-SA-AV Rule
sometimes made for simplicity of analysis and in certain cases, . . . .
Once again, we find it convenient to work with a sym-

as we point out later, it is indeed valid. In Section VI-A, we_ . q . f the fixed st -6 O-SA-AV 1ul ted
do not make any such assumption and discuss the convergqrﬁgénze version of the fixed step-size L-SA-AV rule presente

of the O-SA algorithm by invoking the key result in [26]. ection V so that we can easily apply the result in [23]. The

Next, we assert the a.s. convergence of the O-SA-AV rule :ﬁ;{mmetrlzed algorithm can be written as
Section VI-B using the main theorem on averaging in [23]. dei(n+1) = (I — pL y1(n + Dyi(n+ 1)TL)
A special case of the asynchronous cellular model is the one

T
where the received vector at a base station can be assumed to % dkl(:)rj L sia (16)
be i.i.d. We will refer to this as the “independence” assump- < 1 5 .
. . . . . . dy 1) = dpq (2 17
tion. This case is of interest in the single-cell (synchronous) ki(n+1) n+1 ; 1(?) (27

model considered in [4], [5], or in a meulticell model where both

the in-cell as well as the out-of-cell users are received synchihereB—! = LL” (L lower triangular) and what we are trying
nously at the base station. The independence assumption so@é@stimate isly; = L~"A~'s;;. The estimate of the MMSE
times leads to stronger results than in the general asynchrong@kition is obtained a&;(n + 1) = Ldg1(n + 1). Applying
case. In the latter part of our convergence analysis, we will focl#3, Thm. 2.1] we can state that.

on this independence assumption case. We briefly outline inTheorem 1: There exists g// > 0 such that (s.t.) for all
Section VI-C a proof of convergence for the fixed step-size C-$5< 1 < i/
algorithm that is different from that in [4]. Our analysis follows

naturally from the derivation of the C-SS algorithm from the

common framework of Section II. This analysis does not m.aif?efiningAn () & (=) LTAL) - (I—pLTALL) & < n,
the simplifying assumptions of [4] (the convergence analysis In NN -

[4] does, however, have the implementational advantage in t8f A»n+1(1) = L the proof of the theorem above is given
it enables the estimation of a suitable step size in terms of infé¥ @ Simple modification of that in [23, Thm. 2.1]. Clearly,

mation available at a user). Next, in Section VI-D, we show tHE IS important to ensure an acceptable asymptotic bias
mean square convergence of the O-SA-AV rule. 6, and, therefore, we study its behavior further. We first

note thatE|[LYAL||? < oo and |[LYsp||? < oo for
all ¢ > 0. Moreover, the sequencd,; is 2-dependent,
i.e., the two sets of random variable§.., A, _1,A,}
For the sake of analysis, it is convenient to work with aand {A,42,A,+3,...} are statistically independent.
equivalent symmetrized version of the O-SA rule. Based on thiderefore, Assumption Bl in [23] is satisfied. It is

&kl(n) — dg1 + 6, asn — oo a.s. (18)

2

A. Convergence of the O-SA Rule
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suggested [23, Theorem 2.7, part b], then suggests thall also a.s. have a nonzero projection QP?SLMSl), ie.,
lim,, E||dx1(n) — dp]l = O(u*/?),8, = O(u*/?) asy — 0. Prob[Pp. g, (er1(n)) = 0] = 0. Along the lines of [5],
This result implies that there is a tradeoff between the rate -

> e can show that withG = Pg AP , there exists
of convergence and asymptotic bias. So although, one mig| L ko < ky < oo, such thatko||e][2 < T Ge < ky||e][2 and

employ larger step-sizes to benefit from the smoothing effect |2 < TG2e < kZ||e|2. Further, there exists constants
averaging in pursuit of faster convergence, it comes at the panJC o C< E 63— 3 “r o < N
of larger asymptotic bias. As pointed out earlier it is Sometimgg’,\il) S et [||/(_71)]|$ | éx1(n) - ] = gg;_rﬁllﬂ o
possible to arrive at stronger results with the independeq%%ervgoun:jgénm_ a[S”e’“l(n)” Jw ! upp
assumption, i.e., when the received vector sequena=an be ntl
assumed to be i.i.d. In this case, the problem of asymptotic bias (1= 2pky + K2?) vy,
disappears as shown (without proof here) by [23, Thm. 3.1]:
Theorem 2: There exists @' with 0 < p/ < p*, s.t.V0 <
<, &kl(ﬂ) — dy1(n — o0) a.s. S (1 — 2qiko + (k% + CI)NQ) Un + 60“2' (22)
Often in the adaptive literature, algorithms are analyzed for -
convergence in the mean square sense, i.e., the asymptotic QeB—%/ defininga :.1_2“k0+(k%+cl)“2 anday = 1_2“]§1+
havior asn — o of the mean value of the error norm squared:0# + W€ ¢an rewrite (22) ag1vn < vng1 < aovp + cop” It
In the following sections, we will investigate mean square cor'ﬁeasny shown that we can always chogsemall enough so

vergence of the averaged and nonaveraged algorithms with %t|a°| <1 and|.oz;}| < 1,inwhich case the limiting MSE, 8.,
independence assumption. im,, .. Un, hasfinite lower and upper bounds. If the step-gize

is chosen to be arbitrarily small, the MSE is seen to converge to
C. Mean Square Convergence of the C-SS Rule With the Z€ro as the number of iterations grows to infinity. This comes at
Independence Assumption a price though, since — 0 implies that the rate of convergence

oes to zero. In other words, a large step-size will guarantee

h In'trgs anddthefollowmg se:ctlo.ns, V\I'.ch\?s'?erthe case wh ter convergence but higher limiting MSE, whereas a small
the independence assumption is valid. We first mvespgate L tep-size will bring down the limiting MSE but adversely affect
mean square convergence of the nonaveraged algorithms Vlﬁ[ convergence rate

[5 '

fixed step-size_. The analysi_s for the S-SS rule is_ d_etailed in ~!We note that a finite asymptotic MSE for a nonzero fixed
based on earlier analyzes in [27] and [28]. A similar analys&ep size would also be true for the O-SA algorithm. In the next

can be done to show the mean square convergence of the s Bltion we show that with averaging, the O-SA-AV algorithm
metrized (as in Section VI-A) fixed step-size O-SA algorithmc ’

We choose to outline the details of the analysis for the fixec? nverges wittzeroasymptotic MSE.

step-size C-SS algorithm mainly to contrast it to the analysi$ pean Square Convergence of the O-SA-AV Rule With the
in [4]. The proof of convergence here differs from that in [4]ndependence Assumption

in the following ways: fourth-order statistics are not approxi- ) . .
mated in terms of second-order statistics and the signal vectord this section, we show the mean square convergence with
are not assumed to be approximately orthogonal. For notatiof&/0@symptotic MSE for the O-SA-AV algorithm

simplicity, we shall omit the iteration index on the received cii(n+1) = (T— uB~ y (n+ Dyi(n +1)7)

>

S Un+1

vectory. '
We first define the zero mean vectg(n) as x cx1(n) + uB 1 (23)
n—+1
1
A ~ _ -
B(n) =P; . (yiyl — A) (s + Py (pr1 + e1(n))) (19) Cra(n+1) = n+1 ; cr(4) (24)
whereex (n) = pa(n) — P when the received vector sequence can be assumed to be i.i.d.

After some manipulation, we obtain the following from (9): .
P 91romM O befine Ay () 2 (T— yB-1A) - (1— B~ Ag), & < 1,
€

an(n+1) = aa(n) — p(Py, APL aq(n)+B(n)). (20) whereA.,, is as given in (15) and\, ,4+1(z) = I. We first

trat the basi i 23) to show that
Taking the norm squared of both sides of (20) and the congi(-)nCen rate on the basic recursion (23) to show tha

tional expectation, conditioned @p;(n) = ¢, and noting from E[||Ans11()]?] = O(8]™). (25)
(19) and the independence assumption #igt(n) | ex1(n) = ’
¢] = 0 we obtain that To this end, we start by rewriting (23) in terms of the error

Elllexs(n + D)) [ exa(n) = ] €(n) = cri(n) — cx1, @s

= |le|]* — 2" Py APy ¢ e(n+1) = (I— uB™ A)e(n) + pn(n) (26)
+ 12" (P AP )%c

A 4 . .
) ) B wheren(n) = B™1(A — A, 41)ck1(n). Using the diagonal-
BB exa(n) = e]. (21) ization B—'A £ 7 — QzAz Q', and defininge(n) =
In order to develop bounds on the various terms nglc(n) and,‘,(n)gQ;n(n)ﬁwe obtain, from (26), that
(21), we note, first, thatpyi(n) will a.s. have a nonzero

projection on (PL S;) [24], [29]. It follows that e (n) e(n+ 1) =(I— pAz)e(n) + p(n). (27)

Sk1
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Note that using the Rayleigh—Ritz ratio for the positive definitf23, Thm. 5.3, ] in a straightforward way. For the sake of com-

matrix (Q;)TQE1 pleteness, an outline of the rest of the proof has been included
le(m)? hete. - | |
< |le(n)]]? We first note that by definitionZ[v(»)] is the0 vector, and in
Amax ((Qz ) Qil) view of (25), there is no loss in generality in assumifig) = 0.
lle(n )||2 Thene(n) =31 Ry;v(i), whereR,,; = pA,, ;11(p). ltcan
N (28) be shown that
Ain ((Q71)" Q) . .
Taking the expectation of the norm squared on both sides of Efe(n)e(n)"] = ZE [RiR] = Epn (35)

(27), conditioned or(n) = e, and sinceZ[v(n) | e(n) = e] =
0, we obtain where? = E[v(1)v¥(1)]. Using the facts that the matrix se-

2 o T 2 quence{A,} is ii.d., thatE[||B 1A,||?] < oo, and that the
Eflle(n + DI [e(n) =e] = e2 (I “AZQ) ¢ result in (25) holds, we can deduce that, for sufficiently small
+ e Ef[lv(n)]” [e(n) = €] (29)  value ofy, 32 | E[|R1|?] < co. Consequently

In order to bound the second term on the r.h.s. we note that
lim =, , = lim ZE RmQRZi]

E[llv(n)]]* |e(n) = e] < 2B A—>00 n—oo £t
_ -1 1\ 7|2 n
[H(A A.1)B7!x (QgY) H } — lim ZE [Ri1QRE]
(1Qzell? + ller ) (30) =1
where we have used the fact th§Qze + cui|® < —ZE R, OR]] =E, (36)

2||Qzell> + 2llcii]* (parallelogram inequality). Fur-
ther, using the Rayle|gh F\’2|tz ratio and the fact thaiists and is finite. The error recursion obtained by subtracting
E[l(A — Ay )BH(QZHTIPl £ K < oo, we take ¢, from both sides of the averaging step of the O-SA-AV rule

the expected value with respectet(n) of (29) to get in (23) (at time indexa) is given bye(n) = (1/n) 1, €(i),
0< E[||e(n + 1)”2] Where,€(n) = ékl(n) — cx1. We now obtain
S (1 — 2”)\1nin(z) (/\ilaX(Z) , nE [6 T] — lE
+ 2IC)‘maux (QZ QZ))) [He(n)H ] n 7‘L n n—-li n
+ 207K [era |, e( T—i—z Z € l)T—i-Z Z e(k)e(DT
£ 6() Ellle(n)*] + 202Kl | (31 L= k=Ti=id) =1 =it o
whereA,in(Z) > 0 by [30, Thm. 7.6.3]. We note tha(0) =
1 and§(0) = —2\,in(Z) is negative. This implies that for For the first term on the rhs, we can show the following:
sufficiently smallg, |6(z:)] 2 |6] < 1. In the special case when 1 [ 1
ci1 = 0, i.e., when we are stochastically estimating the solution — <Z e(k) ) = — ZE = (38)
of the equatiorZmi; = 0, E[||e(n + 1)||?] = O(|§|™), and this k=1 "
implies, from (28), that Fork <1, E[e(k)e(l)T]
E D2 = 0(6]™). 32 &
[letn+ 1)1 = O(8]") (32) Y B [RuORY] (39)
We now rewrite the error recursion in (26) as i=1
k
e(n+1) =T~ B Appr)e(n) +uv(n+1)  (33) =3 B[R QRE] (I yBtA)*
wherev(n+1) 2 B!(A— A, 1)ck:. Note that the recursion B Z:l I B-L1A Y-k 40
in (33) estimates the solution of the equatiéa = 0, which, = Sur—p ) (40)
sinceZ is nonsingular, we know to be ttievector. From (33), Therefore, after some manipulation
we also observe that ;,; = 0, thenv(n) = 0 ¥n, and )
1 n— n
Ellle(n +1)IIP] = Elll Ans1,1(1)e(0)]]- (34) e > f(k)f(l)T]
From (32) and (34), we obtain that, for sufficiently small k:ifkﬂ
El|As411(w)e(0)]]?] = O(|é|™). For any finite initial _ 1 = [ R
estimate forcy,||€(0)||> < oo, and in the the special case o ;““’ka (I-pB A
of ¢(0) being N-dimensional unit vectors, (25) is true, i.e., 1 A N— -
PliArcr sG] = Os1) 0 e AL B
At this point we need to consider the effect of the “averaging” — 2. (kBT A) (I pBTA)
step (24). To do this we find that we can apply the analysis in =E, (B~ - =P (42)
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Fig. 3.  SIR performance (relative to the deterministic MMSE solution) versusg. 4. SIR performance (relative to the deterministic MMSE solution) versus
number of iterations with the independence assumption: high SNR case. (EM&liynber of iterations with the independence assumption: low SNR case. (Every

500th iteration has been plotted.) 500th iteration has been plotted.)
In the same way one obtains optimum SIR (corresponding to the MMSE detector) is signifi-
. cantly larger than those for the conventional and the single-cell
I 1= - 1= = MMSE detectors. The SIR performance for C-SS is margin-
~E T B-lA)"lZ, -5, (42 P 9
n lz_:l k—zz;rl e(k)e) ] — )T En B (42) ally better than that for S-SS, and they are both bettered by the

O-SA rule in terms of rate of convergence. If the eigen-spread
From (38), (41), and (42), therefore, we obtain that of A andB~'A (where eigen-spread is the ratio of the max-
imum to the minimum eigenvalue) is taken as an indicator of
the rate of convergence for the S-SS and the O-SA rules, respec-
tively, (where the rate of convergence is inversely proportional
(EMA—lB + BA—lEH) —-E, to the eigen-spread), then we note for this example that with
the out-of-cell users being sufficiently weaker than the in-cell

[1]

lim nE[E(n)é(n)!] =

n—0o00

==

(43) users, the eigen-spread far is ~521 as compared withz11
g e ~ ~ for B~ A. There is also a clear performance improvement for
is finite. This implies thatE[é(n)Yé(n)] = O((1/n)) or, ) . ;
lim,, .. E[2(n)T&(n)] = 0, i.e., the MSE is zero. all three adaptive rules due to averaging. Fig. 4 plots the SIR

perfromance for the lowest SNR user. This plot shows the same
trends, although the O-SA, S-S-AV, C-SS-AV, and O-SA-AV al-
gorithms are much closer to each other in their performance.
For the following examples, we consider the seven-cell cel- Example 3: We consider the same system as in the previous
lular system in Fig. 1 with 12 users in each cell. The cell afxample, but allow symbol asynchronism at base station 1 as
interest is the center cell, which we call cell 1. Once again, we (1). Fig. 5 plots the averaged SIR for the highest SNR user,
usel/d* path-loss law and equal transmit powers. We considfar a random set of time lags assigned to out-of-cell users. The
detection on the up-link at base station 1. The users empktgp-size sequence chosen for the S-SS, C-SS, and O-SA rules
randomly chosen unit norm signature sequences, which orece of the formag/(a; + n) where the constants have been
chosen, remain fixed throughout the adaptation. We demadjusted separately for each of the adaptation rules by trial
strate the convergence improvement due to averaging of the&@fsl error to ensure good convergence performance. Even with
and the orthogonalization-based adaptation rules and provenbol asynchronism, the eigen-spread Aqr=590) remains
comparison with the subspace-based methods. significantly higher than that foB~! A (~10). Consequently,
Example 2: We consider first the simple model where all théhe almost identical SIR performance for the C-SS and S-SS
users are received synchronously at base station 1 which ls®snce again bettered by the O-SA rule in terms of rate of
the knowledge of the common timing. The signalling is banad:onvergence. There is again a clear performance improvement
width-efficient in that the processing gain is only 12. The rdor all three adaptive rules when using relatively larger fixed
ceived SNR for in-cell users at base station 1 varies from 37 dBep-sizes followed by averaging.
to 15 dB. Fig. 3 plots the averaged SIR (relative to the deter-Example 4: We consider the same model as in the previous
ministic MMSE) for the highest SNR user. The initial guess foexample, with variable number of users. More specifically, we
the vector being estimated by each recursion is chosen todbart with ten users in a cell, run the adaptation for several itera-
the zero vector. The fixed step-sizes have been chosen by tliahs, at which point we switch on two more users in each cell.
and error to ensure good convergence for each recursion. Hig. 6 shows the change in the desired maximum SIR for the

VII. NUMERICAL EXAMPLES
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Fig.5. SIR performance (relative to the deterministic MMSE solution) versidg. 7. SIR versus number of iterations for the S-SS, C-SS, O-SA, S-SS,

number of iterations for thasynchronousut-of-cell users case. (Every 500th C-SS-AV, O-SA-AV, the subspace-based F-subspace, and H-subspace adaptive

iteration has been plotted.) rules. Also shown are the SIRs for the deterministic detectors—MMSE, MMSE
single cell, and Hybrid. Only a portion of theaxis has been shown for clarity.

: : : Refer to Fig. 2 for the conventional detector plot. (Every 500th iteration has

o= MMSE—det been plotted.)

- OA-AV
-©- S-SS-AV
= 5-8S

o0 1 computationally more intensive subspace-based methods. Note
that the H-subspace technique can, of course, at best achieve its
deterministic performance and, therefore, asymptotically all the
averaged rules are guaranteed to outperform it. The cell-based
algorithm O-SA performs slightly better with averaging and in

this example outperforms all the other rules.
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VIIl. CONCLUSION

Blind adaptive MMSE detection at the base station in a cel-
lular system is studied in this paper. A cell-based adaptation
strategy that outperforms the previously known SS-based blind

o . . . . . . ' . . adaptation rules in a typical cellular environment has been pre-
200400600 800 10000 12000 1400016000 18000 sented. The technique of averaging to improve the convergence
of single-signal as well as cell-based blind adaptive detectors
Fig. 6. SIR versus number of iterations for the S-SS, S-SS-Av, 0-SA-Af)as been introduced and analyzed. It has been shown that the
MMSE deterministic for initially ten and later 12 users per cell. (Every 5°0t5veraged version of the cell-based adaptive scheme converges
iteration has been plotted.) . . . .
a.s., and (with the independence assumption for the received

. . . . ectors) in mean square with zero asymptotic bias. The supe-
user of interest and the effect this has on the trajectories fort}? ) d ymp 3

S-SS, S-SS-AV, and the O-SA-AV rules. The S-SS algorith (Ff\nty in terms of convergence of the averaged adaptations has

and the basic recursions for both the S-SS-AV and O-SA-A@Fen explored numerically.

[see (12)], use fixed step sizes. Note that for this example the

new users were comparatively weak and we did not re-initialize ACKNOWLEDGMENT

the averaging for the O-SA-AV rule or use any special modi- D. Das would like to thank A. Kapur for useful discussions
fication for tracking. Even so, the averaging algorithms shoabout the O-SA rule and its convergence analysis.
reasonable tracking capability (compare with the nonaveraged

algorithm). One simple way to improve the tracking capability REFERENCES
_Of the a\{eraglng algOI_’Itth would be to use a finite window of [1] S. Verdd, Multiuser Detection New York: Cambridge Univ. Press,
iterates in the averaging step of (13). 1998.

Example 5:We return again to the synchronous model in [2] R. Lupas and S. Verdu, “Linear multiuser detectors for synchronous

. . de-divisi ltiple- hannellEE Trans. Inform. Th
Example 1. Fig. 7 plots the SIRs achieved by the SA-based 3&,635,'“[',;'."22@_“1'3"6? ;Cnclefgs‘;,a””e“f rans. form. Theoty

adaptations S-SS, C-SS, S-SS-AV, C-SS-AV, 0O-SA, and[3] U.Madhow and M. L. Honig, “MMSE interference suppression for di-
O-SA-AV, and the subspace-based adaptations, F-subspace and rect-sequence spread-spectrum COMAEEE Trans. Commun.ol.

38, pp. 509-519, Apr. 1990.
H-subspace. The performance of the nonaveraged S-SS ar[g] M. L. Honig, U. Madhow, and S. Verdu, “Blind adaptive multiuser de-

C-SS rules can be seen to be comparable, with averaging, to the tection,”IEEE Trans. Inform. Theorwol. 41, pp. 994-960, July 1995.



DAS AND VARANASI: BLIND ADAPTIVE MULTIUSER DETECTION FOR CELLULAR SYSTEMS

(5]

(6]
(71

(8]

9]

(10]

(11]

(12]

(23]

[14]

[15]

[16]

(17]
(18]
[19]

(20]

[21]

[22]

(23]

S. Ulukus and R. D. Yates, “A blind adaptive decorrelating detector [24]
for CDMA systems,”|EEE J. Select. Areas Commumwol. 16, pp.
1530-1541, Oct. 1998.

M. L. Honig and M. Tsatsanis, “Adaptive techniques for CDMA re-
ceivers,”IEEE Signal Proc. Mag.vol. 17, pp. 49-61, May 2000.

P. Rapajic and B. Vucetic, “Adaptive receiver structures for asyn-
chronous CDMA systemsEEE J. Select. Areas Communol. 12,

pp. 685-697, May 1994.

D. Pados and S. Batalama, “Low complexity blind detection of
DS/CDMA signals: Auxilliary vector receivers,”IEEE Trans.
Commun,.vol. 45, pp. 1586-1594, Dec. 1997.

D.-S. Chen and S. Roy, “An adaptive multi-user receiver for CDMA [29]
systems,"lEEE J. Select. Areas Commungol. 12, pp. 808-816, June [30]
1994.

X.Wang and V. Poor, “Blind multiuser detection: A subspace approach,”
IEEE Trans. Inform. Theoryol. 44, pp. 677-689, Mar. 1998.

J. Yuand A. Hgst-Madsen, “Subspace tracking for group-blind multiuser
detectors,” presented at the Vehicular Technology Conf., Houston, TX,
May 16-19, 1999.

A. Hgst-Madsen and X. Wang, “Group-blind multiuser detection fo
up-link CDMA,” presented at the Vehicular Technology Conf., Houstor
TX, May 16-19, 1999.

D. Ruppert, “Efficient Estimators from a Slowly Convergent Robbins
Monro Procedure,” School of Oper. Res. and Ind. Eng., Cornell Univ
Ithaca, NY, Tech. Rep. 781, 1988.

B. T. Polyak, “New stochastic approximation type procedures,
Automat. i Telemekhvol. 51, pp. 98-107, 1990. In Russian; translater*'."
in Automatic Remote Control991.
B. T. Polyak and A. B. Juditsky, “Acceleration of stochastic approxima-

(25]
[26]

[27]

(28]

319

L. Gyorfi, “Adaptive linear procedures under general conditiolSEE
Trans. Inform. Theoryvol. IT-30, pp. 262—-267, Mar. 1984.

U. Krengel, Ergodic Theorems New York: de Gruyter Studies in
Math., 1985.

L. Gyorfi, “Stochastic approximation from ergodic samples for linear
regression,Z. fur Wahrscheinlichkeitstheorigol. 54, pp. 47-55, 1980.
D. J. Sakrison, “Stochastic approximation: A recursive method for
solving regression problems,” ikdvances in Communication Systems
2, A. V. Balakrishnan, Ed. New York: Academic, 1966.

Y. Z. Tsypkin, Adaptation and Learning in Automatic Systemslew
York: Academic, 1971.

W. F. Stout, Almost Sure ConvergenceNew York: Academic, 1974.

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

Deepak Das (S'96-M'01) received 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. and
Ph.D. degrees in electrical and computer engineering
from the University of Colorado, Boulder, in 1997
and 2000, respectively.

From 1992 to 1995, he was a software Consultant
at Mahindra-British Telecom, and worked with
British Telcom, London, U.K. He is currently
working with the Wireless Technology Laboratory

tion by averaging,’SIAM J. Contr. Optim.vol. 30, pp. 838-855, 1992. of Lucent Technologies, NJ. His research interests have been primarily in the
M. Varanasi, “Stochastic Power Control for Nonlinear Multiuser Reareas of multiuser detection, power control, and intelligent antennas.

ceivers in Cellular Radio Networks,” presented at the IEEE Information
Theory Workshop, South Africa, June 20-25, 1999.

L. A. Hageman and D. M. Youndipplied lterative Methods New
York: Academic, 1981.

0. Macchi,Adaptive Processing—The Least Mean Squares Approal
with Applications in Transmission New York: Wiley, 1995.
W. K. Jenkinset al, Advanced Concepts in Adaptive Signal Pro
cessing Norwell, MA: Kluwer, 1996.
V. Krishnamurthy, “Averaged stochastic gradient algorithms fo
adaptive blind multiuser detection in DS/CDMA systemE&EE Trans.
Commun,.vol. 48, pp. 125-134, Feb. 2000.

G. G. Yin and Y. Zhu, “Averaging procedures in adaptive filtering: Al
efficient approach,TEEE Trans. Automat. Coniwvol. 37, pp. 466-475,
1992.
H. J. Kushner and G. G. Yirg§tochastic Approximation Algorithms and
Applications New York: Springer, 1997.

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 College of En-
gineering and Applied Sciences at the University of
Colorado at Boulder, CO, where he is currently Pro-
fessor of Electrical and Computer Engineering. His
teaching and research interests are in communication

theory, information theory, and signal processing. His research has been in the

L. Gyorfi and H. Walk, “On the averaged stochastic approximation fasreas of multiuser detection, space-time communications, equalization, signal

linear regression,SIAM J. Contr. Optim.vol. 34, pp. 31-61, 1996.

design, and power- and bandwidth-efficient multiuser communications.



