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Adaptive Group-Blind Multiuser Detection Based on a New Subspace
Tracking Algorithm
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Abstract—Recently, Wang and Hgst-Madsen developed The rest of this letter is organized as follows. In Section II, we
group-blind multiuser detectors for use in code-division mul- summarize the signal model. In Section I1I, we review subspace
tiple-access (CDMA) uplink environments in which the base \aihqds of blind and group-blind multiuser detection. In Sec-

station receiver has the knowledge of the spreading sequences,. L .
of all the users within the cell, but not that of the users from tion IV, we address the role of subspace tracking in our adaptive

other cells. Yu and Hgst-Madsen later developed an adaptive receiver and introduce a new low-complexity, high-performance
version of this detector for synchronous CDMA channels. In subspace tracking algorithm. Simulation results are provided in
this letter, we develop a new low-complexity, high-performance Sections V, and Section VI concludes the letter.
subspace tracking algorithm and apply it to adaptive group-blind
multiuser detection in asynchronous multipath CDMA channels.
The detector can track changes in the number of users and Il. SIGNAL MODEL
their composite signature waveforms. We present steady-state \y/o adopt the asynchronous multipath CDMA model devel-
performance as well as the ability of the receiver to track changes . )

oped by Wang and Hgst-Madsen. In the interest of brevity, we

in the signal subspace. We also address the performance gain .
of the group-blind detector over its blind counterpart for this Summarize the model here and refer the reader to [3] for a full

application. development. Considerfd-user binary communication system,
Index Terms—Adaptive multiuser detection, code-division mul-  €MPIloying normalized modulating waveforrss, sz, ..., sk,
tiple access (CDMA) uplink, group-blind multiuser detection, sub- and signaling through their respective multipath channels with
space tracking. additive Gaussian noise. The transmitted signal due td:the
user is given by
I. INTRODUCTION M—1
LIND multiuser detection using subspace techniques was (1) = Ak Y bildsi(t — T — di) 1)

first developed in depth by Wang and Poor [1], [2]. Such =0

techniques were appropriate for downlink environments whefgherens denotes the length of the data frame dhdenotes the

only the desired users’ code is available. More recently, thgsgormation symbol intervalay, {b:[i]}, andd;, € [0, T') de-
subspace techniques were extended by Wang and Host-Madsgi, respectively, the amplitude, symbol stream, and the delay
to uplink environments where the base station knows the codftshe ith user’s signal. We assume that for eachhe symbol

of in-cell users, but not those of users outside the cell [3]. Thigream{1,[i]} is a collection of independent random variables
new family of detectors has been termed group-blind multiusgfat take on values of 1 and— 1 with equal probability. Further-
detectors. One attractive member of this family, the group-blinflore, we assume that the symbol streams of different users are
linear hybrid detector, performs very well compared with thydependent. For the direct-sequence spread-spectrum (DS-SS)

other group-blind detectors, even though it has the lowest cofgrmat, the user signaling waveforms have the form
putational complexity. In this letter, we develop a new, low-com-

plexity, high-performance subspace tracking algorithm and use N-1 . .
it, along with the closed-form expression for the hybrid group- s(t)= > alilpt—iT.), 0<t<T (2
blind detector, to develop aadaptivegroup-blind multiuser j=0

detector for slowly-varying asynchronous dispersive code-divi- . . . 1 .
sion multiple-access (CDMA) channels. We will also com arvvhereN Is the processing gairiex[]} is a signature sequence
P : b ca‘il’s assigned to théth user, andy(¢) is a normalized

the performance of the group-blind detector to that of the blin ip waveform of duratiof, — T/N. The kth user's signal

Sgﬁ%?:;?eigakes use only of the composite waveform of tﬁf(t) propagates through a multipath channel whose impulse

response is given by

L
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to the transmission of thieth user’s signal through the channeBy stackingrn successive received sample vectors, we can write
gx(t) is given by (12) in matrix form as

Ue(t) = 2r(t) % gr(2). 4) rli] = Hb[z] + v[i]. (13)

The total received signal at the base station receiver is the suggte  Smeothing factorm is chosen such thatn = >
position of thek user's signals, plus additive Gaussian noisfX’ + £)/(P — K)] - maxx{1} for channel identifia-

and is given by bility [3]. Note that the columns oH (the composite signature
vectors) contain information about both the timings and the
K complex path gains of the multipath channel of each user.
r(t) = Z y(t) + v(t) (5) Hence, an estimate of these waveforms eliminates the need for
k=1 separate estimates of the timing information, }~ ;.

wherev(t) is a zero-mean complex Gaussian noise process.
At the receiver, the received signal is match filtered (to the ) o o

chip waveform) and sampled at a multip}g 6f the chip rate,  Since the ambient noise is white, i.8{v[i]v[i]"} = o°L,

i.e., the sampling interval id = 7. /p = 7'/ P, whereP épN the autocorrelation matrix of the received signal in (13) is

is the total number of samples per symbol interval. htiere- A ot H " 5
ceived signal sample during thith symbol is given by X SE{r[r[d]"} = HH” +0°1 (14)
=U,A, U 4 52U, U (15)

I1l. GROUP-BLIND MULTIUSER DETECTION

123
rli, n] = hg[0, n]b[i] + Z hi[d, n]oklt — J] where (15) is the eigendecompositionXf In the group-blind
j=1 multiuser detection scenario, we assume we have knowledge of
he the first K, K < K users’ spreading sequences, whereas the
“ rest of the users are unknown to the receiver. ,
+ 30> hwlid, nlbeli — §] + o[, n] (6)  Define the set of matriceH,}”%* such thatH;
K#k j=0 is the Pm x K matrix composed of columngK + 1
MAT through K + K of the matrix H. We define the matrix
H 2 [HoH, - H,,,,_1]. The size ofH is Pm x 7 where
where we denote = K(m +1). Then the group-blind linear hybrid detector for

A |de+mr + T userk, k =1, ..., K, is given by the solution to the following
=\ T (7)  constrained optimization problem:
. A .
hili,n] = hi(iT +n A) (8) Wy = arg min(H) E { |bw[4] — er[i]|2} (16)
/ wErange
hi(t) 2 Apsi(t — di) * gu(2). ) ¢

subject to the constraint’ H = 1§,L+k wherel; is the vector

In (6), the first te”’.‘ contaips theth bit c.)f the kth user; the of length f((m + ¢) each of whose elements is zero, except
second term contains the intersymbol interference (IS) fromelth element which is 1. Heuristically speaking, this detector

tmheltprﬁ;{';gseg'st.sngr;gzt:cgS&rkrhffor]'[:etﬁiwefogéfgfh;hl%ﬁro—forces the interference caused by fhé&nown users, and
uitip ! (MAI) u ' ppresses the interference from unknown users according to

term is ihe ambient channel naise. Denote the minimum mean-square-error (MMSE) criterion. The solu-

[ r[i, O] ofi, 0] tion (form 1) and the corresponding bit estimate for usenay
N i 1A be written as [3]
rfi] 2 : ofi] 2 :
rli, P=1]] oy ofi, P=1]| ., wi, = UATUPHEYU AT UMH] 1, (A7)
[ b1[i] bi[i] =sgn {Re (wir[il)}, k=1,2,...,K. (18)
bli] 2 : (10)
- " The linearblind MMSE multiuser detector, which assumes
L0xcli] | e knowledge only of the signature waveform of the user of
hild, 0] -+ hil[j, 0] interest, is given by [1]
H[j] = : : : : LUPE
L half, P=1] - hili, P=11] poge P = Uely U Bl ke 49
7=0,1, ..., tg- (11) Of course, we require knowledge of the composite signature
waveforms of the firsts” users in order to constru#l. To es-
Then we may write timate these waveforms, we take advantage of the fact that the

noise subspace is orthogonal to the column spadéd.dfiow-
r[i] = H[t] * b[i] + v[]- (12) ever, computing the noise subspace increases complexity, so we
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Fig. 1. Adaptive receiver structure.

adopt the blind, sequential channel estimation technique devebnentially windowed sample correlation matrix is given by
oped by Wang and Poor in [4]. It produces estimates of the com-

posite signature waveforms of the known users without the need C(l) = <
of anoise subspace estimate. Note that there is an arbitrary phase

ambiguity in the estimated channel state, which necessitates diL—
ferential encoding and decoding of the transmitted data. whe

1

H
S ) ROTO - ROTO (20)

reM (1) = (1—~")/(1—+) is the effective window length.
Generally speaking, SVD-based subspace tracking algorithms
attempt to track the SVD of a data matrix of growing dimension,
defined recursively as

Since the form-I1I hybrid group-blind detector may be written -
in closed form as a function of the signal subspace compo- T+ 1DRA(1+1)= {WE(Z)R (1)} . (21)
nents, one may use a suitable subspace tracking algorithm in vl +1]
conjunction with this detector and a channel estimator to for{, may write the SVD of this matrix as
anadaptivedetector that is able to track changes in the number
of users and their composite signature waveforms. Fig. 1 con-r(l + DR (1 + 1)
tains a block diagram of such a receiver. The received sigtjal _ H
is fed into a subspace tracker which sequentially estimates the U+ DR+ DVEI+1) (22)
signal subspace componeiis;, A;). These estimates, along

IV. ADAPTATION VIA SUBSPACE TRACKING

H
with the received signal, are fed to the blind sequential Kalman = U(l + 1) [28(1 +1) 0 } [V%(l + 1)}
channel estimator developed in [4]. The linear hybrid group- 0 Enl+ D] [V (+1)
blind detector (or the linear blind MMSE detector) is then con- (23)

r form the channel im nd the signal . . .
structed form the channel state estimate and the signa SUbSR/vaﬁgreVS(l) isamatrixwhose columns are eigenvectorsthatspan

component estimates. ; L :
Subspace trackers of various complexities and performar;{%(gt signal subspace anidag| X, (/)] contains the square-root

characteristics have appeared in the literature. In particular, &ehe corresponding eigenvalues. The maliig) need not be

NA-CSVD [5 racking g was usea successuly by {ocked FUTEIOe ice e ofse sbspace doce ot e
and Hgst-Madsen for subspace tracking for group-blind myl- 9 ’

: ; o track V(1) or ,,(I). This allows us to reduce complexity
tiuser detection over synchronous CDMA channels [6] using noise averaging [10]. Since calculating the SVD from

. scratch at each iteration is time consuming and expensive, the

A. QR-Jacobi Methods issuethenis howbestto use the new measurement vegétot,|,
QR-Jacobi methods constitute a family of SVD-base@ update the decomposition in (23).

subspace tracking algorithms that rely extensively on GivensNoise-averaged QR-Jacobi algorithms begin with a House-

rotations during the updating process. This reduces complexiylder transformation that rotates the noise eigenvectors such

and has the advantage of maintaining the orthonormality @fat the projection of the new measurement verjb#- 1] onto

matrices. Members of this family include NA-CSVD, RO-FSThe noise subspace is parallel to the first noise vector, which we
[7], NASVD [8], and the algorithm developed by Moonetal.  denote byv,,. Specifically, let

in [9].
Let R(I) = [r[1]---r[l]] denote aPm x I matrix whose r. =V,(O)"r[l +1] (24)
columns contain the firgtsnapshots of the received signal. De- _rl4+1] =V, (Dr,

Vi

fine the matrixC'(1) = diag(,/7' ', ..., \/7, 1). Then the ex- 3 (25)
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wheres = ||r[l + 1] — Vs(Drs||. Then we may write the mod- TABLE |
ified factorization NAHJ-FST SJBSPACETRACKING ALGORITHM
H . X0 -1 0
[\/WI‘(Z)R (l)} Given: B[~ 1) = (0 ) #2(l - 1)1 V(l-1)
r [l + 1] 1. Calculate rg, vy, and 3 according to (24) and (25).

2. Dropping the indices, generate the modified factorization

_[o@ | o V=) IH 2 0
_l 0o | 1]'[1&{ E 0}[‘[5([)"[""7"] ACACACT Y I
(26) oH | g1H [ H ’ u
[[slB]O[SLB] g]) [Vs‘VnIVyJ[] X

WhereVrJ{ represents the subspacéﬁt(l) thatis orthogonal to 3. Let R be the r + 2 principal submatrix of the matrix sum
V... The second step in QR-Jacobi methods, sometimes callet iu step 2. Apply a sequence of r + 1 Givens rotations to R, to
the QR stepinvolves the use of Givens rotations to zero each  produce R, = 07, --- TR0, - - ©,4,.
entry of the measurement vector’s projection on the signal sub-4- Let A, be the diagonal matrix whose diagonal is equal to
space. We refer the reader to [11] for details concerning the use¢  the first r elements of the diagonal of R,.
of Givens matrices for this purpose. The QR step replaces the > I‘“,et Us (;’e composed of the first 7 columns of
last row in the middle matrix in the decomposition in (26) with [Seﬂ‘gl(l)] "'ZT“' o .
. A . . 6. s(l) equal to the r + 1 principal submatrix of R,,.

Zeros. These are _row—type t_rans_formatlons involving premulti- 7 1 V,(1) be composed of the first r + 1 columns of
plication of the middle matrix with a sequence of orthogonal  (v,jv,}@;...0,,..
matrices. We do not need to accumulate these transformation g Reaverage the noise power: 72(1) = =2 zai(i—l))ﬂazl
in U(l) sinceU(!) does not need to be tracked. where 52 = (R,) "

The next step, diagonalization step, involves at least one se
each of column-type and row-type rotations to further concen-
trate the energy in the middle matrix along its diagonal. Some-
times called theefinementstep, this is where many of the ex-used to find the eigenstructure of a general fixed symmetric ma-
isting algorithms begin to diverge. The RO-FST algorithm, fdrix and is known to generate more accurate eigenvalues and
example, performs two fixed sets of rotations in the diagonalizeigenvectors than the symmetric QR SVD algorithm, but with
tion step but leaves the middle matrix in upper triangular form higher computational complexity [12]. However, we do not
and does not attempt a diagonalization. This is particularly efflerform the full sweep of(r — 1)/2 rotations required for the
cient for applications that do not require a full set of eigenvaluesdymmetric Jacobi algorithm, but only a carefully selected set
but is not useful here since the signal subspace eigenvaluesiraboutr rotations. This is sufficient because the matrix that
required for the construction of the detector. The NA-CSVD aWwe wish to diagonalize already has much of its energy concen-
gorithm, on the other hand, attempts to optimize the choice t#ted along the diagonal. This is a situation that the Jacobi algo-
rotations to achieve the best diagonalization possible. The &thm can take advantage of but which the QR algorithm cannot.
gorithm we present in the next section achieves near-optinmidie Jacobi algorithm also has an inherent parallelism which the
results (for noise-averaged trackers) while incurring a compuf@R algorithm does not. Table | contains a summary of this al-

r42,r42°

tional burden that is smaller than that of NA-CSVD. gorithm, which we term NAHJ-FST for noise-averaged Hermi-
tian—Jacobi fast subspace tracking.
B. NAHJ-FST Subspace Tracking 1) The Algorithm: The first step in NAHJ-FST is the House-

The algorithm we present here is a member of the QR_j_gglder transform_ation men_t_ioned pre_viogsly. The S(_ecorjd step
cobi family in the sense that it uses Givens rotations during tf&/0lves generating a modified factorization that maintains the
updating process. However, this algorithm avoids the QR st8puality VIOZ2(OVH(l) = vV - )X — VI - 1)
entirely. Instead of working with the SVD-type decompositiort *(/)r” (1)- Step 3 requires that we apply-1 Givens rotations

in (22), we work with a decomposition of the form in order to.partially diagorjalizé{s. Ideally, we would apply
these rotations to the off-diagonal elements that have the largest
C'() = V(IOZ2OVED) (27) magnitude. However, since the off-diagonal maxima can be lo-
cated anywhere iR, finding the optimal set of rotations re-
whereC'(1) = M(I)C(I) andX%(1) is Hermitian and almost quires anO(r?) search for each rotation. This leads to@?)
diagonal. This is simply an eigendecomposition except that wemplexity algorithm. In order to maintain low complexity, we
have relaxed the assumption tt8t(/) is perfectly diagonal. have implemented a suboptimal alternative that is simple yet ef-
At each iteration, we use a Householder transformation afettive. Letz = [r|3]7 be the vector whose outer product is
a vector outer product to upda®?(l) directly. We then use used in the modified factorization of step 2. Suppasel <
single set of two-sided Givens rotations to partially diagonalizg < r + 2 is the index of the element i that has the largest
the resulting Hermitian matrix. There is no need for a separagnitude. The set of elements we choose to annihilate with
rate QR-step. Essentially, the diagonalization process usedhe Givens rotations is given H)(Rs)m,j}’]?;’f, 7 # ig, where
this algorithm is a partial implementation of the well-knowr{R., );, ; represents the element on tiyéh row andjth column
symmetric Jacobi SVD algorithm [11] (not to be confused withf R.,. Of course if(R., );,, ; is annihilated, so i§R.,); ;,. This
the family of QR-Jacobupdatealgorithms). This algorithm is choice of rotations is not optimal; in fact, since we retain the
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Performance of blind and group-blind MUD using HJ-FST
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Fig. 2. Adaptive performance of NAHJ-FST.

off-diagonal information from the previous iteration, we canndhe entire noise and signal subspaces. We present more details
even be sure we annihilate the off-diagonal elemei®jrwith  in the next section.
the largest magnitude. Nevertheless, we see that the technique is
very simple and is somewhat heuristically pleasing. Ultimately,
performance is the measure of merit and simulations show that
it performs very well. In this section, we investigate the performance of our adap-

In order to adapt to changes in the size of the signal subsp#i¥é receiver in an asynchronous CDMA system. The processing
(number of users), our tracking algorithm must be rank-ada@in N = 15 and the spreading codes are Gold codes of length
tive. We have adopted the Akaike information criterion method5. The chip pulse waveform is a raised-cosine pulse with a
This method is often used in subspace tracking algorithms aigdi-off factor of 0.5. The initial delayl;. of each user is uniform
is documented in [13]. In order to use this algorithm, we mu8f [0, 47:]. Each user’s channel hds = 3 paths. The delay
track at least one extra eigenvalue/eigenvector pair. Hence, @i€ach pathr ; is uniform on[0, 67%]. Hence, the maximum
appearance of + 1 in Table I. delay spread is one symbol interval, i£= 1. The fading gain

2) Complexity: Complexity is a critical issue when consid-0f each path in each user’s channel is generated from a complex
ering subspace trackers for multiuser detection. Existing alggaussian distribution and is fixed for all simulations. The path
rithms vary in complexity fromO(Pms) to O(P*m?). The gains in each user’s channel are normalized so that each user’s
NAHJ-FST algorithm has complexit®(Pm). In fact, when signal arrives at the receiver with the same power. The oversam-
we consider trackers that deliver a complete set of signal suing factor isp = 2 and the smoothing factoris = 2. Hence,
space eigenvalues at each iteration, NAHJ-FST seems to hti}é system can accommodate up to ten users [3]. The forgetting
the lowest complexity of any algorithm that delivers comparabfactor for the subspace tracking algorithms is 0.995.
performance. Its nearest competitor appears to be NA-CSvDThe performance measures are bit-error probability and
which has a complexity af0Pmr+3Pm+7.5r2 +7r floating  the signal-to-interference ratio (SIR) defined ISfR 2
point operations (flops) per iteration using real data. NAHJ-FSA?{w!r} /var{w!r}, where the expectation is with respect
requires approximatelyr? fewer flops iteration. For the param-to the data bits of interfering users, the 1SI bits, and the ambient
eters used in our simulations, this results in about 17% fewsnise. In the simulations, the expectation operation is replaced
flops per iteration. by the time averaging operation. The SIR is a particularly useful

Itis not the aim of this letter to present an exhaustive compdigure of merit for MMSE detectors since it has been shown
ison of all of these QR Jacobi-type algorithms. It is sufficient tfL4] that the output of an MMSE detector is approximately
observe that NAHJ-FST has the lowest complexity of any alg&aussian distributed. Hence, the SIR values translate directly
rithm that has been used for similar purposes, and that for ted simply to bit-error probabilities.
particular tracking problem we are addressing, the performancé-ig. 2 is a comparison of the adaptive performance of the
of the algorithm is close to the upper bound on the performaneMSE blind detector and the hybrid group-blind detector
of all algorithms of this type. This upper bound is, at each itising the NAHJ-FST subspace tracking algorithm. The
eration, given by an exac?(P>m?) rank-one SVD update of signal-to-noise ratio (SNR) is fixed at 20 dB. During the first

V. SIMULATION RESULTS
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Performance of blind and group-blind MUD using exact SVD
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Fig. 3. Adaptive performance of exact SVD update.

Steady state performance of NAHJ-FST and exact SVD update

I T
—+— blind NAHJ-FST
i1 —%— group blind NAHJ-FST [3
] - blind SVD ]
-| =<~ _group blind SVD

bit—error probability

Fig. 4. Steady-state performance of NAHJ-FST and exact SVD.

1000 iterations, there are eight total users, six of which attee group-blind detector. More importantly, when we compare
known by the group-blind detector. At iteration 1000, two newigs. 2 and 3, we see very little difference between the perfor-
users are added to the system. At iteration 2000, one additiom&nce we obtain using NAHJ-FST and that which we obtain
known user is added and three unknown users vanish. \W&ng an exact SVD update.
see that there is a substantial performance gain using thé-ig. 4 represents the steady-state bit-error rate (BER) per-
group-blind detector at each stage and that convergence ocdéarmance of our receiver using NAHJ-FST and the exact SVD
in less than 500 iterations. update for both blind and group blind multiuser detection. The
Fig. 3 is created with parameters identical to Fig. 2 except thatmber of users is 8 and the number of known users is 6. At
the tracking algorithm used is an exact rank-one SVD updaf&NRs above about 11 dB, we see that the group-blind detectors
Again, we see a significant improvement in performance usipgovide a substantial improvement in BER. At lower SNR, the
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group-blind detector seem to suffer from the noise enhancemenp]
problems that often accompany zero-forcing detectors. Recall
that the hybrid group-blind detector zero forces the interference[S]
of the known users and suppresses the interference form the un-
known users via the MMSE criterion. Once again, note the rela-
tively small difference between the performance of NAHJ-FST

and exact SVD, especially at high SNR.

VI. CONCLUSION

In this letter, we have developed a new low-complexity, high- e
performance, subspace tracking algorithm and applied it to an
asynchronous multipath version of the group-blind multiuser !
detection problem proposed in [6]. We have seen that at modig)
erate and high SNR, the adaptive hybrid group-blind detector
provides a substantial performance gain over the blind adaptive
MMSE detector. The noise enhancement problems of the hybridg)
group-blind detector at low SNR suggest the use of a dual-mode
receiver that uses the blind approach for low SNR environmentﬁO]
and the group-blind approach for moderate and high SNR en-
vironments. We have also demonstrated that the performance
of NAHJ-FST in the context of adaptive multiuser detection isl
similar to the performance of an exact rank-one SVD updatg )
which serves as a performance upper bound for all SVD-base[d

subspace tracking algorithms.
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