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Blind Adaptive Algorithms for Minimum Variance
CDMA Recelvers

Zhengyuan XuMember, IEEEand Michail K. Tsatsanjdvember, IEEE

Abstract—Constrained optimization methods have received  Multiuser receiver design can be divided into two categories
considerable attention as a means to derive blind multiuser pased on whether training sequences are used or not. In the first
receivers with low complexity. The receiver's output variance is category, nonblind Minimum mean-square-error (MMSE) re-
minimized subject to appropriate constraints which depend on . ’ . . : ) . .
the multipath structure of the signal of interest. When multipath ceivers can be adaptlvely |m[_)lemented if the desired S|gn§I IS
is present, the constraint equations can be written in parametric Known at the receiver [12], while in the second category, a blind
form, and the constraint parameters jointly optimized with the approach has to be employed. Blind subspace methods show
linear receiver's parameters. In this paper, we develop adaptive good performance [1], [15], [28], but the required singular value
solutions for this joint, constrained optimization problem. Both decomposition (SVD) of large matrices leads to a heavy compu-

stochastic gradient and recursive least-square-type algorithms are |__. . . .
developed. The performance of the proposed methods is Comloareoltatlonal load. On the contrary, blind adaptive multiuser detectors

with other blind and trained methods and turns out to be close to  [4], [7], [14], [16], [18], [20], [26], [27] significantly reduce the

the trained minimum mean-square-error receiver. computational burden.

Index Terms—Adaptive interference suppression, blind mul- A Scheme was presented in [7] for the case when multipath
tiuser detection, code-division multiple access, constrained interference is absent and showed performance equivalent to
optimization. that of the MMSE receiver. In [27], an adaptive implementation
based on a subspace tracking method was shown to improve per-
formance at the expense of more computational complexity. The
method of [7] was later extended by adding more constraints

ODE-DIVISION multiple-access (CDMA) systems[26]. Unfortunately, in the presence of multipath and multichip
have gained popularity recently, against rival time-dinterference, minimum variance solutions are known to be sen-
vision multiple-access/frequency-division multiple-accessitive to signature mismatch [7]. A solution for that case was

(TDMA/FDMA) solutions, despite the increased complexityttempted in [20] and later in [18], by forcing the receiver re-

of the receiver [17]. They are prime candidates for third-gegponse to delayed copies of the signal of interest to zero. With

eration wide-band wireless systems, due to their improvegese additional constraints, minimum variance techniques are
bandwidth efficiency and flexibility. In the CDMA framework, applicable, but have inferior performance since they treat part
different users employ distinct spreading codes but transmitgitthe useful signal as interference.

the same time and frequency. Therefore, multiuser interferenceRecently however, constrained optimization solutions were

(MUI) exists at the received signal, reducing the performaneveloped which combine all multipath components of the

and creating “near—far” effects. signal of interest and jointly minimize MUI while maximizing

Significant effort has focused recently on designing multiuséie signal component at the receiver's output [21]. A related
receivers in order to suppress MUl and deliver the promiseiévelopment from a different viewpoint was also reported in
capacity gains of CDMA technology [7], [10]-[13], [19], [24].[9].

While optimal solutions have been derived [24], their exponen-These blind methods exhibit superior performance which is

tially increasing complexity renders them inappropriate for systose to that of the trained MMSE receiver [21]. Unfortunately

tems with a large number of users. For this reason, recent effditavever, adaptive implementations of the solution of [21] are

have concentrated on suboptimal linear solutions and have it straightforward, as they correspond to the optimization of a

vestigated ways to derive the receiver parameters from the dagmlinear cost function.

[71, [9], [12], [20], [25], [28]. The goal of the current paper is to derive blind adaptive
receivers for a multiuser CDMA communication system with
reduced complexity by employing constrained optimization
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Fig. 1. DS/SS signal in multipath: discrete-time model.

without constraints. These stochastic gradient-based methodavolution of the code with the channel—see (Zj],is the
suffer from slow convergence as most LMS algorithms dahip period andi; is the delay of usej in chip periods. The
which offsets their low computational complexity. Thereforeeceived signal(n) at the receiver is a superposition of the
the last version of our algorithms with faster convergence ssgnals from all users plus noisén)
built upon recursive least-square (RLS) ideas.
In contrast with past work in this area [7], the current method
can operate in multipath environments by taking into account u(n) = Z uj(n) +v(n)
all multipath components of the signal of interest. Our method =t
also has advantages over the receiver of [9] in the sense tiere v(n) is assumed to be additive white Gaussian noise
it only updates the coefficients for one filter without using gAWGN) with zero-mean and variance? = E{||v(n)||?}.
RAKE receiver structure. Without loss of generality, we may assume that the delay
Despite their lower computational complexity howeve < d; < P. We will also assume that;(n) has finite impulse
it turns out that the proposed algorithms exhibit improvegksponse of maximum order(typically ¢ < P in many ap-
performance. Furthermore, it is shown in the sequel that thgjications). Finally, each user’s information bearing sequence

enjoy global convergence. Simulation results further suppagt(n)(j = 1, ..., J) is zeromean, i.i.d., independent of other
these claims according to comparisons with trained MMSE @8ers with variance?, = E{|w;(n)|*}.
well as other blind receivers. Let us collectL = P + g measurements af;(n) in a vector

The rest of the paper is organized as follows. The dig; = [y;(nP), ..., y;(RP+L—DT (G =1, ..., J). lf we
crete-time model of a multiuser CDMA system is described igonsider a single sample per chil§ (= 1), and if the receiver
Section II. Constrained minimum variance techniques are fligsynchronized to user #{ = 0), then signal due to user Bis
viewed in Section Il in preparation for the development of the .
proposed adaptive methods. Constrained LMS algorithms are  y;(n) = hywi(n) + f11w1(n -1+ fllwl(n +1)
derived in Sections IV and V, while GSC-based and RLS-based
methods are obtained in Sections VI and VII, respectivelythere yi(n) = [yi(nP), ..., y(nP + L — 1)]" is
In Section VIII, the convergence of our algorithms is studiethe collection of measurements af;(n) and h; =
while some simulation results are presented in Section 1%1(0), ..., hai(P + ¢ — 1)]” is the signature vector of
Finally, some conclusions are drawn in the last section. user 1,hy = [hy(P), ..., (P + ¢q—1),0,..., 0" and

hy = [0,...,0, h(0), ..., ha(q — D]T are signatures
[I. PROBLEM STATEMENT of the bitsw;(n — 1), wi(n + 1). The signal due to other

In the direct-sequence (DS) CDMA framework, each us@SYnchronous userg &2, ..., J, d; # 0 andd; > q) is
transmits digital information after modulating it by a distinct _i i
spreading sequence. Letugerj = 1, ..., J, use a spreading yi(n) = hy qw;(n —1) + hy qw;(n)
codec;(k), k = 0,..., P — 1, of length P to transmitP herel T
S R ’ ) . ereh; , = [h;(P —d;), ..., hiy(P -1),0,...,0
chips/information symbol. Let the chip sequence be transmitted = 7 [h € i) AP +a ) . |
= [0, ... 0, hj(()), ...,hj(P—i—q— 1—dj)] are

through a linear channel with a baseband impulse respolfsg "¢ . . .
g..;(t)* (including the transmitter and receiver filters), anggnatures from the other—1 interfering users. If we consider

let the receiver collectX’ samples/chip. Then, the receive(}he superposition of all users, the received signal will be

discrete-time signaj; (n) due to usey is (see [21] and Fig. 1) J
oo y(n) =Y yj(n) =hywi(n) + Hw(n) + v(n) (3)
yi(n) = > wi(Dhj(n — d; K —IKP) @ i=t
l=;o°° where w;(n) is the signal of interest, whileH =
h:n) = g;(m)c;(n — mK (2) [hla hla h2, as h2,aa sy hJ, as hJ, a]v W(TL) it [wl(n -
) m;oo st ) 1), wy(n + 1), wa(n), wa(n — 1), ..., wy(n), wy(n — D)7,

) i andv(n) are interference and noise components, respectively.
whereg;(n) = g, j(t)|li=nr./ K1) IS Sampled impulse response
of the multipath channeh;(n) is the signature of usei[the ~ *Fractional delays are absorbed in the channel parametess.
3In the sequel, we assume without loss of generality that user 1 is the desired
IWe use subscript to denote continuous-time signals. user.
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Furthermore, notice that the signature of user 1 can be decomh the multipath case, an extended set of constraints can be

posed as [c.f. (2)] used (one constraint for each delayed copy of the signal) [21]
h, = Cgl (4) CHf =g (9)
where whereg is a parameter vector to be determined. For a giyen
i the solution to this constrained optimization problem is obtained
c1(0) 0 using Lagrange multipliers [21]
: 0 _ |
C— Cl§ ) f.. =R,;'C(CIR;'C) g (10)
Cl(P — 1) .

. while the minimum output variance is
0 o (P —

g1(0)

D 1 (prayx(a+n)

_ —1
Jmin = f(fthyfopt = gH (CHRy IC) g. (11)

(5 In[21], it was proposed to optimize the unknown veqioby
maximizing J.in, that is, by maximizing the energy of the
signal component after the interference has been suppréssed.

andg; is the unknown multipath parameter vector for user Ihis max/min blind approach exhibits near-optimal perfor-

This structure of the user’s signature will be exploited ifnance [21] (see the analysis in Sections IV and V therein)

this paper to derive blind adaptive multiuser receivers witnd is related to Capon beamforming ideas in array processing

the ability to accommodate multipath distortions. In ordde.g., [23]).

to construct the code filtering matri&, we assume that the On the other hand, it involves the inversionkbf which may

receiver is synchronized to user 1 and the maximum chanfé computationally prohibitive in systems with large spreading

order ¢ (or an upper bound of it) is also available. We wilfactor P [R, is a(P + g) x (P + g) matrix]. In this paper, we
focus on adaptive implementation of the minimum variandé€rive adaptive algorithms for estimatifigandg by directly
batch approach developed in [21]. As will become clear sod®timizing the Lagrangian cost function and avoiding the in-
adaptive solutions to this problem are nontrivial due to théersion ofR,. Both stochastic gradient and RLS solutions are
nonlinear nature of the cost function. But let us first brieflynvestigated.

revisit the method of [21].

g1

_QI(Q) (g+1)x1

IV. PROPOSEDCONSTRAINED LMS ALGORITHM: METHOD |

1. CONSTRAINED MINIMUM VARIANCE RECEIVERS Let us consider the Lagrangian cost function parameterized

If we focus on linear solutions, the receiver design problem hy f andg
equivalent to determining a parameter vedtavhich provides
an estimate of the desired signal 5 :fHRyf +A7 (CHf - g)
+(EHFC-gM) A +p(gg - 1) (12)
wi(n) = £y (n). (6) . _ :
where) andp are the Lagrange multipliers. Notice that we fix
Vectorf has the same length as the data vegtar). In the case llgll = 1in (12). Since we wish to minimize (12) with respect to
of severe multipath, it is conceivable that the model of (3) can Bexnd maximize it with respect i@, we consider the following
extended to have(n) span multiple bit intervals, resulting in agradient search procedures:
longer receiver vector. In the interest of clarity, we will maintain
the model of (3) in the sequel. fopr =t — s Ve 1 (13)
The receiver vectof may be optimized by minimizing the Znt1 =8n + gV T1 (14)

output variance [7], [20]
whereyy, 11, are two step sizes. The gradients in (13) and (14)

J = B{||ld(n)]?} = f7R,f R, = BE{y(n)y" (n)} may be obtained from (12) &8¢« J, = Ryf + CA, V- J1 =
(7) r8— A, respectively. Then, (13) and (14) become
subject to the constraint that the response of the user of the in-
terest is a constant £t =fn — py(Ryfn + CAn) (%)
£7h; =1 8 . .
where),, andp,, also need to be updated at each iteration. In

in which case the signatuie; coincides with the user's codeMization problems, it was suggested in [3] to update the La-
h: = ¢, and isa priori known. Similar ideas have been exdrange multipliers in such a way that constraints are satisfied at
ten§ive|y SFUdie_d in array processing in the context Of. MINIMUMeThe maximization of (11) is not a well-defined problem unlgsy is fixed
variance distortionless response (MVDR) beamforming [23].to a constant. For this reason a normalized version of (11) is maximized.
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TABLE |
PROPOSEDCONSTRAINED LMS ALGORITHM: METHOD |

Step 1: Initialize f and g at n = 0, and choose step sizes uf, p,
Step 2: Pre-compute II§ = I — C(CHC)-'!CH
Step 3: Forn=0,1, 2, ...
(1) update the receiver f,.; = IIg[f, — ;¥ (n)y® (n)f,] + C(CHC) g,
(2) compute x, = g — 22(CHC)"{CH[fn — psy(n)y* (n)fn] — g}
(3) compute a; = 22lgal12, 02 = pg(£5%n + X gn), ag = X/Tx, — 1
(4) if a2 — 4a;a3 > 0 then compute p, = Z}Tl(—ag —+/a? — 4a,a3),
and update constraint vector g as gn+1 = UgPr8n T Xn,

otherwise let g,.1 = g, (no update for g,)

each iteration. By using (15) and enforcing the constraints orfor reasons that will become clear later. The casé&of 0 cor-

asCHf, ., = g,, one can solve foh,, responds to incompatible linear and quadratic constraints [23],
1 . for certain constrained problems. In our case, however, the op-

A, = — (C”C)" (C”f, — nyC*R,f, —g,). (17) timalsolutionforfis guaranteed for evegy[cf. (10)] and there-
i fore the constraints are compatible (at least in the neighborhood

Substituting (17) in (15), we arrive at the updating ruleffor ~ of the optimal point). Oncg,, is obtainedg.+1 can be updated
. according to (20) and (21). However, no updategahould be
.41 = IE(E, — pyR,E) +C(CHC) g, (18) performed in the occasional situation whéan< 0.
Finally, by using an instantaneous approximatR®p(n) =
y(n)y*(n) for R,, we arrive at a constrained LMS type algo-
1 Hen—1 ~H rithm. The steps of the algorithm are summarized in Table I.
Mg =1-c(cic) cv (19) In this algorithm, all constraints are explicitly considered in

It can be seen tha, is needed in (18), hence an update equatigh€ cost function. As will be seen, this will facilitate our theo-

where

for g should be derived as well. retical analysis. However, the quadratic constraingaesults
If we substitute (17) in (16), we obtain an update equation fét & second-order equation fex which has to be solved at each
€41 @S iteration. In order to avoid the extra computations, one might try
to abolish the constraint on the normgénd instead normalize
Bnil = HgPn8n +Xn (20) g, at each iteration. This approach results in a different varia-

tion of our LMS algorithm, which is discussed next.
where

Xn = g, — 12 (C”C)A [CY(f, — nsR,E,) — 8] . (21) V. PROPOSEDCONSTRAINEDLMS ALGORITHM: METHOD I
Hf
To get the final update equation fgr we need to determine the
unknowng,, in (20). Following the ideas of [3] once more, we
impose the quadratic constraint gR.1

Let us write our Lagrangian cost function now as
Jo =R+ A7 (CHE—g) + (FPC-g" )X (26)

gf+1gn+1 = |lgnse|> =1 (22) whereXis th_e Lagrange multiplier corresp_onding to constraints
for our receiverf. Then two update equations férandg can
at each iteration. Substituting (20) in (22), a second-order eqi®- formed as
tion for p,, is obtained

a1pp + azpn +az =0 (23) fagr =fn = Ve 7o (27)
gn—l—l =8n + I/Lgvg* j? (28)
where
which will adaptively minimize/7; with respect td' and maxi-
2 mize 7, with respect tg. Since a change in the lengthgtloes
(24) 1ot affects the performance of the receif§see (10), (11)], we

There may be two real solutions if the discriminant of (23) iﬁ1ay projecty .- 7, onto the space orthogonalgdo obtain the
nonnegative, that i\ = a3 — 4a;a3 > 0. Then, we choose following equgation to update:

the smaller of the two solutions far, as

1 gngH
_ /.2 — n .
Pn = o < az as 4a1a3> (25) il = 8n + iy <I g ) Ve Jo. (29)

a1= u§||gn||2 O2= Ng(ggxn + ngn) 3= Xfxn - L

n
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TABLE I
PROPOSEDCONSTRAINED LMS ALGORITHM: METHOD I

Step 1: Choose initial conditions for f and g, and appropriate step sizes py, 14
Step 2: Compute IT§ = I — C(CH#C)~'CH
Step3: Forn=0,1, 2, ...
(1) update receiver f,4; = II[f, — sy (n)y® (n)f,] + C(CHEC) g,
(2) update constraint vector g1
a. compute Euy1 = g + (I - SEL)(CHC) [, Cly (n)y  (n)fy + g — CFE,)
b. normalize g,; to obtain g,., = ﬁﬁ'i—”

In order to guarantee the constrajigl|| = 1 at each iteration, orthogonal). If we consider the mati&,, whose columns repre-

we will normalizeg,,+ by sent a basis for the orthogonal complement of the space spanned
o by the columns ofC, then the columns o andC,, span the
8ntl ||gn I (30) entire space, and we can express any veftiotthis space as
n+1
By using (26), (27) and (29) become f=Cs-Cuu (36)
e Matrix C,, can be obtained by using SVD on the mat@ixand
frtr =t = gy (Ryf + C;‘") (31) collecting eigenvectors corresponding to null eigenvalues. Ap-
Gl =80 — g <I _ gf;gn ) A, (32) plying the constrainC”f = g to (36) yieldsC” Cs = g, and
g, 8n therefores = (C* C)~1g. Then (36) may be written as
The Lagrange multipliei,, is again obtained by enforcing the f = C(CHC) g - Cyu. 37)

constraintCf, ., = g, and the result is identical to (17). By
substituting (17) in (31) and (32), we obtain the recursions In (37), we have managed to parametefidyy g andu in such
. a way that the constraints are guaranteed to be satisfied. Using
fo41 =G £, — pR L]+ C(CTC) “g,  (33)  this parameterization, we may transform our constrained opti-

H Y mization problem to an unconstrained oneffowe still use the
gn+1 =8n Py —gH , output variance® R,f as our cost functior/s. According to
N 1 CHR,f, +g, — CH £,] (34) (37), 73 can be expanded as
H ((«He L ~H Hoo—1
where J=g" (C"C) C"R,C(C"C) 1g
_ +ufCHR,Cu-gt (CEC)  CHR,C,u
g =1-c(c’c)” c. (35) ! (o70) !

-uw’Cclr,Cc(C’C) g (38)

Considering (33)—(35) together with (30) and using the instanta- _ . L
neous approximatioR,, (n) = y(n)yH(n) for R,, we obtain R%le want to minimize7; with respect tax and maximize it with

our simpler constrained LMS method, which is summarized qupect (. Therefo_re, we may construct two update equations
Table II. or u andg, respectively

U1 =Up — Nuvu¢ k73 (39)

VI. BLIND ADAPTIVE GSC ALGORITHM: METHOD I
gn+1 —8n + /ngg* jg. (40)

In beamforming and array processing literature, linearly con- o i .
strained optimization problems are often transformed into uhhe derivatives in (39) and (40) are computed by using (38)
constrained ones. This leads to the separation of the mainlobe H H Hoo—1

. . . . u* = ys~—nUu — g 41
(signal part) from the sidelobe (noise part) by using the so-called Vi I3 =G R"Cilu C. R,C (C S) g (41)
GSC structure for the receiver [23]. In our problem, we havea Vg 73 = (C”C) " C"R,C(C"C) "g
linear cgnstraint for the re(_:eivérasCHf =ganda quadrat_ic _ (CHC) -1 CHRndu_ (42)
constraint for the constraint vectdlg|| = 1. We can parti-
tion this problem into two parts, one part corresponding to ti&ubstituting (41) into (39) and (42) into (40), the recursive al-
linear constraint which can be transformed to an unconstraingorithm for computing botm andg is
one, the other part corresponding to the normalization step. Fol- H
lowing this idea, we begin our derivation by analyzing the ma-  Wn+1 = Un — 1 G/ R, Cru,
trix C first. +1,C'R,C(C"C) g, (43)

As can be seen by (5), the columndbéare shifted versions of _ e —1 g1 I —1
the spreading code of the user of interest, so they are linearly in- Bn+1 =8n T fig (C Cz C'R,C (C C) 8n
dependent and make up a signal subspace basis (not necessarily — g (C”C) ~ C"R,C,u,. (44)
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TABLE Il
PROPOSEDGSC ALGORITHM: METHOD Il

Step 1: Choose initial values for u and g, and appropriate step sizes i, g
Step 2: Compute B = (C#C)~! and perform SVD on C to obtain C,
Step 3: Forn=0,1, 2, ...
(1) compute § = CTlyy, §u = Cly,, w = 77Bg, — 7 u,

(2) update Uy41 = Uy + WY R
(3
(4
(

5) construct receiver f,,1; = CBgn4+1 — Cpupnyy

update gnq1 = gn + w/J'gBS’n

normalize g, as guit1 — H—‘;ﬁ

)
)
)
)

Each step is followed by normalizing,+, as to its maximum eigenvalue (or the eigenvector of the matrix
Gt CH"R,'C corresponding to its minimum eigenvalue) while
Bn+1 [&nal] (45) reducing the number of computations. As described in [5], we
n—+1

can use Kalman RLS recursions to updégal as follows:
in order to guarantee that the quadratic constraingfigrsatis- .
fied. Then, based on (37), our receiver vector at iteration 1 R, Y(n—1)y(n)

k(n) = y (50)
can be constructed as (n) v+yH )Ry (n —1y(n)
_ He L _ . 1 . 1 .
fn-l—l =C (C C) gn+1 Cnun-l—l- (46) R;l(n) I R;l(ﬂ _ 1) _ = k(ﬂ)yH(TL)R;l(TL _ 1)
124 124
Equations (43)—(46) form our blind adaptive GSC algorithm. (51)
SubstitutingR,, by y (n)y* (n), we can further simplify the al-
gorithm. If we define where0 < » < 1 is the forgetting factor. The algorithm can
) " ) " be initialized byR,*(0) = 6I whereé is a large positive
Vo =C%yn  ¥2=C.yx number. In this way,R,(n) and thus C¥R;!(n)C are
B= (C”C)_1 w=y"Bg, —y'u, Hermitian. OnceR, ! (n) is updated, we can form the matrix

CHlfigl(n)C. Since the latter is a small size matrix with
dimension(g + 1) x (¢ + 1) (recallg < P under our assump-
(47) tion), its eigenvectog,,i,(n) corresponding to its minimum
N eigenvaluea,,,;, may be obtained by directly applying SVD
Bn+1 =8n + whgByn (48)  gecomposition. The embedded arbitrary phase, inherent in
f,41 =CBgpt1 — Crupg (49) obtainingg.i,(n) from SVD, may affect the continuity of the
, i ) . receiver vectors(n) for successiva’s. It might be advisable
respectlvely. We can thus summarize this LMS-GSC algor'thmerefore to normalize the phase gf.n(n) by setting the
in Table 1. phase of one of its elements to zero. Alternatively, subspace
tracking procedures may be employed to further reduce the
computations [2]. Finally, by utilizing the formula [c.f. (10)]
All three algorithms we have developed in Sections IV-VI .
(Methods I-1l) are stochastic gradient-based methods where £, = aminR;," (n)Cgmin(n) (52)
the instantaneous approximation for the data covariance matrix

R, is used. When communication channels experience fast f\r'\é(? can obtain the receivdy, at iterationn. The steps of this

quency-selective fading, the structure of the interference mran)?thOd are summarized in Table IV.

: . ) ) L There are more efficient ways to update the matrix
change drastically in short time. Hence, this approximation bg;;; s~ i
EHRyl(n)C (e.g., using Cholesky factors [8, p. 408]), but

comes more inaccurate. Furthermore, various near—far situa- . .
. . . . . e will not discuss them here due to lack of space. Instead, we
tions and signal-to-noise ratio (SNR) scenarios may affect t

. . W?“ turn our attention to convergence issues.
eigenvalue spread @k, . Thus, all previous methods may ex-

perience slow convergence rates in some cases. For this reason,
we explore RLS-based solutions with faster convergence in the
sequel despite their higher computational complexity. In this section, we investigate the convergence behavior of
Motivated by the optimal solutions for the receiverand our algorithms in terms of global/local minima, trajectory of the
our constraint vectog in (10) and (11), respectively, we neednean receiver vector (or tap vector) and the steady-state excess
to computejo1 recursively to facilitate the computation ofmean square error (MSE). We focus on Method | with all con-
the eigenvector of the matrh((C’L’R;lC)—1 corresponding straints in a single cost function as more convenient for analysis.

then (43), (44), and (46) become

Up41 =Up + wﬁLuyn

VIl. PROPOSEDRLS ALGORITHM: METHOD IV

VIIl. CONVERGENCEANALYSIS
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TABLE IV
PROPOSEDRLS ALGORITHM: METHOD IV

Step 1: Choose 0 < v <1 and fl;l(O) = §I (4 is a large positive number)
Step2: Forn=1, 2, ...
— Ry (n-1)y(n)
(1) compute k(n) = o mr

S — _1p- 1 H D — _
(2) update R;(n) = TR M (n — 1) — Jk(n)y"(n)R,'(n — 1)
(3) compute the matrix CHRgl(n)C and apply SVD to get its

eigenvector gi,(n) corresponding to its minimum eigenvalue cumin

(4) construct the receiver f, = ammﬂ; L{n)Cgmin(n)

A. Global Convergence wherep,, = E{p,}, “E” represents expectation and matrix A
The output varianc® R, f is a quadratic function dfwhich @s sh_own inthe equa_ti_on at the bottom of the page. Equation (55)
might lead one to think that the issue of global convergence i¥@Plies that the stability of the proposed method depends on the
trivial one. In the current situation, howevéas to be jointly Stability of matrix A. Therefore, the step sizgs, 1y should
optimized withg [cf. (12)] and the presence of local minima carff® chosen such that the eigenvaluesAdf A have magnitude
not bea priori dismissed. less than one. Unfortunately, the problem is further involved due
By studying the first as well as the second derivatives of t@ he presence gi, in A; 7, is not updated through a linear
cost function (12), it is shown in Appendix | that our algorithn€cursion and the study of its trajectory is intractable. Still, some
guarantees a unique convergent point fhrg). Any other sta- insight on the stability of the algorithm in the neighborhood of
tionary points are unstable except the desired optimum poifte desired solution can be obtained by lettg =~ —&uax.
Therefore, the proposed algorithm enjoys global convergengélua“_o” (55) also indicates some necessary conditions on the
and thus imposes no restrictions on initialization. Next, we stud{FP Sizes.
other properties of the proposed algorithms in terms of the mean __ .
tap vector and excess steady-state MSE. 8 Trajeciory of Excess MSE
Our method is a minimum output energy (MOE) approach
B. Trajectory of the Mean Tap Vector and Constraint Vector and its steady-state excess MSE analysis follows the general
d steps presented in [7], although the latter deals with the nonfre-
guency-selective channel. In the current context, however, the
multipath channel is taken into account.
Let the MSE at time: 4 1 be (see [7])

To proceed, let us first define the tap error veatpfn] an
the constraint error vecter,[n] at timen

er [71] =f, - fOPtv €y [71] = &n — Bopt (53)

) ) ) L . n+1] = MSE(f,41) = E{||lwi(n +1) — £2_y, 11 |*}.
whereg,, is the optimal constraint vector which is the eigen- l ] (Fre1) € ) 1Yol (26)
i Hp-1 —1 i i i
vector of matrix C* R *C)~* corresponding to its maximum By noticing tha:

; . ) . . tf.+1 = fopt + ey[n + 1] and using the inde-
eigenvaluet,,,.x, andf,, is the optimal receiver given by pendence assumption, (56) becomes

— — -1 —
fop = R, 'C(C"R,IC)  opt = &R, " Copie (54) el + 1] = i + 02, E {hf e + 1] + e [0 + 1]y }
+tr B {Ryfopief [n + 1]}

These two error vectors have to be considered together because
g +wE {Ryesfn + 182 +on+1  (57)

of the joint optimization procedure. It is shown in Appendix Il

that their trajectory abides by the following equation:
whereeni, is the MSE with optimal receivet,

{E{ef[n + 1]}} ,
E{e,[n +1]} emin = B {|Jwi(n+ 1) = £l yi1 |}
B Eley[n]} 0 and
=4 [E{eﬂ[”]}:| * |:Nﬂ(§111ax + ﬁn)gom (53) nin+ 1] =trE {Ryef[n + 1]65‘{[77' + 1]} : (58)
&I - iR, c(cro)™

A= _ _
Bo (c"e) T O (uRy = 1) (14 pugp )T+ 22 (€7 C)

Jif r
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(a) Output SINR for method | (b) Output SINR for method Il
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Fig. 2. SINR comparison for different proposed methods.
Sincelim,, ., E{ef[n]} = 0, we have It is true that the convergence properties of the adaptive al-
gorithm highly depend on the variations of the communication
lim e[n + 1] = epin + lim g[n +1]. (59) environment. The algorithm may fail to track the fast changing
n—oo n—0o00

channel if the adaptation speed is too slow. Thus, the step size
grtlguld be chosen as a compromise between excess error and
convergence rate to make the algorithm more suitable for a par-
ticular communication scenario. The choice of step size is also
affected by the dimension of the constraint subspace in the cur-
_ ) - rent context. When a long channel is experienced which con-
New = ,}glgo w B {Rye[n +1lef[n+1]}.  (60) sequently increases the dimension of constraint vector, the re-
ceiver vector has less freedom to be adjusted. Then, inferior per-
Itis shown in Appendix Il that, , is determined by the second-formance could be expected.

and fourth-order statistics of the received data vegfgnamely

The second term in (59) is the steady-state excess MSE du
adaptation. If we denote it by, then it is related to the tap
vector error by

IX. SIMULATIONS

- H -1
Tew 7 1 vec™ (R )O"a (61) The applicability and performance of the different proposed

methods were verified by our simulation results. We used the

where average output signal-to-interference-and-noise ratio (SINR)
T T at the receiver end as a performance index, and we compared

© = (R,IIg) ©I+1® (IgRy) — iy [(Hé) ®Hé} our methods with the trained MMSE receiver and the re-

B T I ceivers presented in [7] and [6], which are both MOE-based
{(y”’y") @ (¥a¥n )} methods. A CDMA system was simulated with quadrature
o [(Hé)T @ Hé} B { (ynyf)T @ (ynyf)} phase-shift keying modulation and ten users in a 15-dB AWGN
environment. Gold sequences of length 31 were used as code
'Vec(foptfgt) sequences. All inputs took values frofatl  +i} where
i? = —1. User 1 was assumed to be the desired user which was

and ‘®@” represents the Kronecker productet” is the “vec” 5 dB weaker than each of the other nine equal-power users. The
operation to arrange all elements of a matrix into a vectogceiver was synchronized to this user. Signals from other users
along column-wise. Without further assumptions, the expreariving at the receiver with arbitrary delags(j = 2, ..., 10)

sion of (61) is quite involved due to the high-order statistidsetween 0-31 chip periods. Channel vectors for all users
E{(y.yIHT @ (y.yH)} of the datay,,. However, it can be were also randomly generated. Fifty Monte Carlo runs were
seen thatj,, increases almost linearly with the step sjzg, performed for each experiment with = 3000 bits/realization.
similar to the result in [7]. The input sequences, the AWGN sequence, and the channel
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(a) MSE for method | (b) MSE for method Il
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Fig. 3. Comparison of MSE of channel estimates for different proposed methods.

vectors changed from one realization to another, while otherg; /||g1 || within a phase ambiguity. Thus, the vecgprcan
parameters were kept unchanged to obtain the average results.used to estimate the multipath channel when the background
First, we compared four different proposed methods (see Ta-almost “noise-free.”
bles I-1V for methods I-1V) and show the corresponding output Our next experiment was performed to show how our algo-
SINR in Fig. 2(a)—(d), respectively. The initial values were seithm behaves in a near—far communication environment. All
tobeg = [1, 0, 0, 0], u = 0, andf = 0. The step sizes for up- parameters are the same as those for Method | in the first ex-
dating these vectors wefgr = 1, = 0.0009, 11, = 0.014. In  periment except the relative power for the desired user (user
implementing Method IV$ = 1000, » = 0.998. It can be seen 1). Three cases were tested where the povxﬁelr equals or
that Methods I-11l have similar performance. However, Method 5 dB weaker or 10 dB weaker than each of the other nine
IV shows better performance at the expense of increased caqgually-powered interfering users. The simulation results are
putational cost. This result is not surprising if we investigate trehown in Fig. 6 for SINR and in Fig. 7 for the channel estima-
recursive behavior of our constraint vecgorMotivated by the tion MSE. Solid lines are for the 0 dB weaker (or equal power)
analysis result in [21] that this vector will asymptotically conease, dash-dotted lines for the 5 dB weaker case, and dashed
verge to the normalized channel vectay/||g1 || within a phase lines for the 10 dB weaker one. It can be seen from both fig-
ambiguity, we also compare it witky /||g1 || by using the phase ures that the transition and convergence rates of the method are
of ¢, (0) (the first element ing;) as a reference to remove thdifferent in different cases. When all users are assigned equal
ambiguity. Thus, the MSEs of channel estimates were obtaingalwer (or under power control), the algorithm converges much
and are plotted in Fig. 3(a)—(d). Again similar convergence profaster (about 300 iterations are required), while it requires more
erties are observed for Methods I-l1l, while Method IV giveshan 3000 iterations to converge when user 1 is much weaker (10
lower error level with the same iteration. dB weaker). However, either SINR or channel estimation MSE
Next, we tested the AWGN effect on the performance abnverges to approximately the same level despite the different
one of our algorithms (Method 1) to gain some insight. Weower assignments. Therefore, the algorithm exhibits near—far
obtained the SINR in Fig. 4(a)—(d) by adding Gaussian noisesistance according to our experimental results.
to the system with different levels such as 5, 10, 15, and 20 dB.Next, we compare Method | with the nonblind MMSE re-
WhenSNR = 5 dB, the SINR converges to 0 dB. For otheceiver, the MOE-based adaptive multiuser detector [7] (simply
three SNR levels, the output SINR converges to 4, 6, andc8lled MOE) and the adaptive orthogonally anchored MMSE
dB, respectively. These improvement are also reflected by tf@AMMSE) detector [6] in terms of the output SINR. All algo-
channel estimation errors for these four different situationsthms were implemented with the same step size 0.0009 and
as indicated by Fig. 5(a)—(d). Whe&iNR = 5 dB, the MSE initial values to have a fair comparison. User 1 is still 5 dB
of channel estimate converges ta<710-2, while 2 x 1072, weaker in power. The equal-gain combining (EGC) technique
0.9 x 1072, 0.7 x 10~2 convergence levels are observed fowas used for [6]. All results are depicted in Fig. 8. In the order
SNR = 10,15,and20 dB, respectively. It is shown in [21] that from top to bottom after 500 iterations, the dashed, solid, dash-
asSNR — oo, the constraint vectag will eventually converge dotted, and dotted lines represent the results for MMSE, the
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(a) Output SINR with SNR=5dB

(b) Output SINR with SNR=10dB
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Fig. 5.  AWGN effect on channel estimation.

proposed, OAMMSE, and MOE, respectively. Different convethat the blind cost function is orders of magnitude greater than
gence levels can be seen from this figure. After 3000 iteratiotkg MSE one, even at the optimum point. However, our method
they reach 8, 4.5, 3, and12 dB, respectively. It is clear thatshows better result than that of OAMMSE (about 1.5-dB differ-
the proposed method can compensate for multipath effect amte) for the current setup. One major reason behind this is that
suppress MUI successfully even in the near—far situation. Camr method can somehow estimate the channel parameters adap-
method also performs closer to the trained MMSE receiver, btittely, while without the knowledge for the channel, the EGC

about 4-dB loss is observed. This performance loss is explaintedhnique used in OAMMSE does not always provide satisfac-
by the greater misadjustment of the blind method due to the faoty results for various communication systems with multipath
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distortions. If we look into the computational complexity for The last experiment was performed to test the performance
these two methods, it can be found that extra steps have todb®ur method (Method I) in a Rayleigh fading communication
taken to update the constraint vecgpin the proposed method, environment. All ten users in the system were assumed to
which results in additional complexity of abalf(q+1)2+(g+ have equal power, and the receiver was synchronized to user 1.
1)(P+q)). This extra cost is not significant if the channel ordefhe channel parameters for user 1 were obtained by sampling
g is small. But in high speed data communications it becom#® following continuous function generated from a two-ray
not negligible. Since the MOE algorithm [7] was developed fdRayleigh fading model (see [17, ch. 4])

flat channels, it is no surprise that it does not work well in the

presence of multipath distortions. h(t; 7) = 0.4a1(£)6(7) + 0.Taa(#)6(7 — 1)
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aq(t), ae(t) are two independent complex Gaussian procesgearameters for the asynchronousinterfering users were also simi-
with unit power. They were generated by passing i.i.d. whitarly simulated resulting in a time-varying interference structure.
Gaussian inputs through a Doppler filter with cutoff frequenc@ther parameters were same as in the first experiment. The av-
equal to the maximum Doppler shift (for details, see [17, ch. 4Brage output SINR of the proposed receiver for 1000 realizations
Delayr; ofthe second pathwas equalto 2.8 chip periods. A squamrsus humber of iterations is shown in Fig. 9. It can be observed
pulse shaping function was employed. The symbol rate was ##t the algorithm is capable of tracking the time-varying channel
to 48.6 kb/s and the maximum Doppler shift to 100 Hz. Channahd suppressing the time-varying interference.
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X. CONCLUSIONS 1=1, ..., (¢g+1). We may therefore distinguish the following

The contribution of this paper lies in the derivation of blinahree cases
adaptive solutions for interference cancellation in CDMA 1) If p = =& = —&uin, thenp + & > 0 V4 and therefore
systems. LMS- and RLS-based constrained optimization Va-J1 > 0indicating a minimum point [cf. (67)].
methods are developed, which jointly optimize the receiver 2) If p = =£441 = —&max, thenp +¢; < 0V and therefore
and constraint parameters. Furthermore, it is shown that the Vg.J1 < 0indicating a maximum point.

proposed methods enjoy global convergence. Experimental3) Ifp=-&1<i<gqg+ 1,_thenp +_§1_ 5_ 0 yvhil_e
results indicate that their performance is better than existing ~#+&g+1 > 0 and hencé&’z. 7, is nondefinite, indicating
methods and close to that of the trained MMSE receiver. a saddle point.
In conclusion, only the desired solution, corresponding to
APPENDIX | &max IS @ stationary point, and therefore the algorithm enjoys
PROOE OEGLOBAL CONVERGENCE global convergence. Once global convergencezfes guaran-

teed,f will also be globally convergent, because for each sta-

Our cost function7; in (12) is a function o andg. Atthe o021 nointe, vectorf is uniquely defined as a function gf
stationary points, its first derivative with respect to these tW[?;ee (65)]

vectors should be zero

APPENDIX I
Ve L =R, f+CA=0 (62) DERIVATION OF (55)

Vg J1=pg—A=0. (63) We start with the recursion for the tap vector in (18). Noticing

thatC#{, .. = gopt and replacind,, in (18) byy,,yZ, the tap
Solving (62) with respect tb and substituting in the constrainterror vector at timex + 1 becomes
CHf = g, we obtain an expression for

A= (CiR,C)™ 6 [n+ 1] = TG (L= 153ny.) eln]
= — . g 1
! +C (CHC) eg [71] - ufHéYnyr’;’fopv (68)

Substituting (64) back into (62) and (63), we obtain , ) , ) ,
Taking expectation of both sides of (68) and using the indepen-

f— R;lc (CHRJIC){L . (65) dence assumption (e.g., [5]), we can obtain
and Ho Lo —1 E{esn+ 1]} =T§(I - /R, E{ey[n]}
(CTRC) e ) +C(CTC) " Bleylnl}  (69)

respectively. Equation (66) indicates thatp, g) is an eigen- .
pairpof(CH)I/{—BC)—l B(ecazuséCHR—lr%)p—lgig positivegdef- where the ternTIE R, £, has been zeroed out. Equation (69)
Y ' Y jnvolves the mean constraint error vectgin], hence a recur-

inite, its eigenvalue-p should be positive. Furthermore, using . . o
(65) and (66), the output variance under the constihfit= 1 dsmn for_eg[n] is also needed. Similarly from (21) and (20), the
fonstraint error vector can be computed as

becomes-p. This explains why we choose the smaller solutio

for pin (25) in order to maximize this variance at each iteration.

In order to investigate which eigenvectors correspond to stablgg[n +1] = [(1 + pigpn) L+ g (C”C)_l} e,

and which to unstable stationary points, we need to evaluate the Mg

Hessian of the cost function. From (63) and (64), we obtain n {u e K (CHC)—1:| g
gFn Nf op

C1pa 1 Z
Vg1 =pg+ (CYR;'C) g + L2 (cHe) T O (upyayt —1) £, (70)
Hf
which yields ) )
Then, the mean constraint error vector can be easily shown to

- b
V2.7 =pl+ (CYR;'C)™ ©

p+& 0 _ i -1
v vi g7 Blesdntll=|(+up) I+ 12 (C70) 7 Bleylnl)
0 p+Eett + pig (Emax + Pn) Bopt + % (CHC) -1 CcH
f
where V' contains the eigenvectors ¢C7R;*C)~! while ~(nsRy — DE{es[n]} (71)
& =1, ..., (g+1)) represents its eigenvalues. Let us order

& < & £ - < &4 without loss of generality. According where (54) is employed. By combining (69) and (71) together,
to (66), at a stationary point we haye = —¢; for some we can obtain our matrix recursion (55).
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APPENDIX Il
DERIVATION OF (61)

Let Re[n] = E(es[nles[n]) andR. = lim,—.c Re[n], (1]
then from (60) we have
(2]
Tew = tr(RyR.) = vec? (R, )vec(R.) (72)
(3]

where the second equality comes from the property of trace. TCT n
evaluateyj, ,, it is sufficient to studyR.. This quantity depends

on the trajectory of the tap error vector as given by (68). For
simplicity of analysis, we assume thatn] ~ C*e;[n] which |
is true when adaptation approaches the steady state. Then (65

can be written as [6]
esln+ 1] = Plales[n] — ufIIEy,yifoe  (73)  [7
(8]
where
9]
Pln] =1 — puTIgy .y (74)
[10]
Therefore the following holds:
[11]
erln+ 1]e§c{ [n 4+ 1] 12
~ Plnles[nle] [n]P[n] — usPlnles[n]fl yny i I1E
- NfHéYnyr?fopte? [n]PH[n] [13]
+ WGy Mo £y y T IIE. (75)
(14]
Substituting (74) in (75) and taking expectation of both sides of
it, it is not difficult to show that [15]
R.[n+1] = R.[n] - iy (Re[n]R,IIG + IIER, R.[n]) [16]
— pyE{Pnes[n]fsn vy g
+ O&y.y fopief [n]P7[n]} ]
+ 1 E{IIGYny,, (fopifope +Re[n])ynyy Mg}, (18]
(76)
[19]
Since asv — oo, we have
[20]
lim R.[n+ 1] = lim R.[n] =R, [21]
and
lim E{ef[n]} =0 [22]
then taking the limit on both sides of (76), we obtain [23]
R.R,IIS + IIER, R, [24]
~ i E{TIEY ny Y (fopif i + Ro)y -y LG} (77) 25
from whichvec(R.) can be obtained by the “vec” operation 26
vec(R.) = uf®_1a. (78) [27]
(28]

Substituting (78) in (72), (61) follows.
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