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ABSTRACT 

Th.is payer considers the problem of directly coinputing 
inverse filters that can equalize and separate each user 
in U multi-user multipath environment. Some known 
but very small number of truining symbols. while alone 
unable to yield a satisfactory filter, provide reasonable 
initializatioris that not only may speed up the conver- 
gence of an adaptive blind algorithm, but also guide the 
algorjthm to un easier recovery of weak users. l'rain- 
ing for euch user does not have to be sirnultaneous. 
Decision-dirthion mode can be used to refine the fil- 
ter coefficients after the phase ambiguity inherent to a 
blind approach is corrected for. Simulation results are 
provided to demonstrate the method's effectivene.~~. 

1. INTRODUCTION 
In order to  detect ISI-affected sequences from miilti- 

plc co-channel users who occupy the same time slot a.nd 
frequency band without spectrum spreading. we can es- 
timate all channels followed by either a joint. niasimum 
likelihood sequence detection or a channel inversion to 
obtain filters for each user. .Alternatively. n-e may di- 
rectly copipute the filters or estimate the sequenccs. 
Conventionally. t.he a.cquisition of channels or filters is 
accomplished using training data. Training sequence 
lengths-are kept as short as possible to  avoid signifi- 
cant reduction of the t,hroughput efficiency. Ho~vewr, a 
short training sequence has a limited abilit,y to  "average 
out" the effects of noise and interference. Moreover, a 
simultancous (cooperative) training interval is required 
for all co-channel users to estimate all channels, This 
synchronized training scheme, even if possible. is unde- 
sirable since training intervals for all users have to be 
aligned and known symbols out. of that interval can not 
be utilized. On the otdier hand, blind methods nhich 
can completely avoid the use of training oft.en require 
more data. The knowledge of some knon-n symbols 
from dedicat,ed training or perhaps from synchroniza- 
tion overhead (or even payload symbols) can bc used 
to improve the performance of blind methods. Training 
can be combined with the blind subspace criteria (41 or 

the blind maximum likelihood principle [l, 2, 3): or can 
be exploited in the paraincterization of a Markov se- 
quence [6]. In [8] the whole secluence is treated as the 
superposition of known and unknown subsequences and 
row space of the data  is used to directly estimate the 
symbols. hIet.hods that directly compute an equaliz- 
ing filter include one that combines training with the 
constant modulus cost function [Ci] and one that com- 
bines tmining with a second order subspace constraint 
[9]. So far, the above are all block methods and some 
involve it,erations over the whole block. 

In this paper, a semi-blind sequential algorithm is 
proposed in which an adaptive blind method acquires 
the filters quickly from initializatioris set by a short 
training sequence. Decision-direction (DD) is then used 
to  further refine the filter. \Ve seek inverse filters be- 
cause of the high complexity involved in the simulta- 
neous channel estimation and thc subsequent joint se- 
quence detection for a11 users. Training from different 
users is allowed t.o occur a t  different time intervals. The 
adaptive algorithm [12] is derived from the ChI(2:2) 
cost function and can be used for fast blind acquisition 
thanks to its surprising capability to  converge mithin a 
very small amount of dat.a. Even less data  is required 
if t.he training provides a "good" initialization. In a 
near-far situation. a weak user is easier to recover if 
it.s training data is employed. Decision-direction is of- 
ten very helpful too: if n-e start with the filter derived 
from a short training sequence and iterat.e over the data 
block several times using the niethod in [7] , we may 
get t.he desired convergence. But convergence problems 
can occasionally occur depending on the initialization. 
In sequential processing. wrong decisions can lead to 
"catastrophic" divergcnce. If this occurs, we h a w  to 
re-acquire the filter using training or prcferably blindly 
as proposed here. 

2. DATAMODEL 
We first consider a single user transmit.t,ing through 

multiple channels resulting from either oversampling 
or using an ant.enna array. In the following model, ill 
denotes the number of seiisors: P the oversampling fac- 
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tor. and x,i~p(n) is a vector containing samples from 
all .UP sub-channels at time instant n. L is the ef- 
fective channel length in symbol periods. After each 
sub-channel. an E-tap temporal filter is implemented. 

, H~~~~ the baseband samplecl signal present at all n l p ~  
taps of the space-time filter can be written as 

(llgll: = 1) of the combined equalizer/channel global 

When R is of full column rank and the input sc- 
quence is i.i.d.. the post- and pre-iteration ratio be- 
tween any two elements of g was shown in [ll) to bc 

response g~ = A w ~ R .  

~ ( n )  = [ x : f r p ( n ) . . . x ~ , p ( n  - E +  l)]' 

0 ho . . .  hL-1 0 0 
. s ( n , + n ( n )  

(1) 

where the MP-tuple vector hi contains the channel co- 
efficient.s at  the delay irides i! s(n) = [s (n)  . . .  s (n -E-  
L + 2)]' is the signal vector consisting of the sequence 
at  different time shifts and n(n) is the noise vector 
n(n) = [nTIl,(n). . . nllp(n, - E + 1)IT. 

I ho . . .  hr,-i 0 0 0 

. .  . .  = I :  0 . .  0 . . .  0 ho " .  . . .  . '  h L - 1  

= I f l lS(n)  + n(n) 

For the case of d co-channel users! we have 

x(n) z . . .  "d1[ s d ; n ) ]  + n(n) = 31s + n(n)  (2) 

where R is a complex matrix of dimension M P E  x 
( d ~ - d + ~ f , ,  L ~ ) .  \Vithout loss of generality, we take the 
power of each user's signal to be uriity since the actual 
signal power can always be absorbed into the channel. 
Therefore, the coefficients of R corresponding to strong 
users are numerically larger tha.n those of weak users. 
The channel matrix 31 is assumed to  have more rows 
than columns, which can always be attained through 
the choice of a large enough E. The cases of "wide" 
R (e.g., single-channel) a,nd ill-conditioned R are dis- 
cussed in [lo]. The blind algorithm further assumes the 
user sequences are self- and mutually independent. 

s I ( 7 L )  

3. BLIND EQUALIZATION METHOD 
In the Fixed-1Vindow Constant Modulus Algorithm 

(FWCMA-2) of [ll], equalizing filters are comput,ed 
through iterations based on a fixed-length block of data.. 
Each it.erat.ion consists of t,he following two steps: 

Wk+l  = 3Wk - Et(XXH)E(XXJ'IW~X12)Wk (3) 

where wk denotes the filter at  iteration-k and 0 = 2 .3  
for complex circular and real-valued modulation re- 
spectively. The symbol (.)' denotes the pseudo-inverse 
operation which is required theoretically in the ab- 
sence of noise. In implementation, a plain inversion 
with suitable diagonal loading is used which amounts 
to adding some Gaussian noise. The first step is de- 
rived from the popular Ch1(2,2) (Godard) cost func- 
tion and the second one serves as a post-normalization 

from n-liich ive can see that. the convergcncc is mono- 
tonic: i.e., the largest coefficient of the initialization 
go converges to magnitude 1 (after normalization) and 
the rest go to zero monotonically while their relative 
numerical order is preserved. Since the post-it.eration 
ratio is the cube of the previous value, the convergence 
is super-fast and only a fen- iterations arc usually nec- 
essary. \Ye can see that the algorithm always tries to 
reach t.he global minimum that is closest (in Euclidean 
distance) to go7 avoiding the attraction of other minima 
which are present due to the multi-modal cost function. 
Furthermore, the final delay at  which the sequence will 
be recovered is determined by the peak posit.ion of go: 
which is determined by the filter init,ialization W O .  -4s 
n-e have shown in [ll], the output SXR associated with 
different delays may be dramatically differerit due to 
noise amplification which is determined by thc eigen- 
structure of t,he channel ma.trix R. ConsequentlyI rnul- 
tiple filters at different delays may be desired. -Addi- 
tionally. in a multi-user environment! we must obtain 
filters that recover all users. In these cases: a reliable 
relationship between initialization and the espected fi- 
nal delays is so critical that  otherwise the same delays 
or only strong users will be recovered even when differ- 
ent initializations are used. 

\Vhen sequential processing is desired, existing vari- 
ations of CRI-4 all resort. t o  somc approximation such 
as replacing the expectation with its instantaneous es- 
timate. -4s a result! unpredictable and slow conver- 
gence behavior is often observed. In [12], an adaptive 
implementation of FWCXI.4-2 is proposed which pre- 
serves the monotonic characteristic. In that  algorithm, 
we notice t.hat. [ E ( x x H ) ] - '  in (3) can be sequentially 
updated as in the RLS algorit.hm and the only compu- 
tation in (3) requiring the stored data block is the term 
E(xxH IwfxI2), which is re-computed at  each iteration 
based on the previous filter result wk. Using the Kro- 
necker product., n-e have the useful t,ransformations: 

xxH = unvec(xgx*) 
(W'fXIZ = (x 8 X*)H(W B w*) 

where "iirit.lec" is the inverse operation of row stacking. 
LLB3" denotes the Kronecker product and "*" denotes 
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coqjugation. Thus, 
E ( x x ~ ~ w { ' x ~ ~ )  = U , U K {  E[(x @ x')(x 8 x')"] .(wk w;)} 

L , - 
$2 C.- 

The fourth order moment matrix G defined above can 
be adaptively accumulated, which allows us to free the 
itera.tion from the actual data. We ha.ve the flexibility 
to choose when we want to iterate? from which initial- 
izations. how many.times we want to iterate and how 
man! filters are computed in parallel from different ini- 
tializations. The solution can bc reached through a few 
iterations as soori as the elapsed sequence is sufficiently 
i.2.d.. The great flexibility conies a t  a price of compu- 
tational complexity. The update of G is of complexity 
U( (Af P E ) " )  flops per symbol. Recognizing the multi- 
ple Hermitian symmetry of G, all complex flops can be 
reduccd to real flops. 

4. SEMI-BLIND EQUALIZATION 
If we seek a direct semi-blind equalizer or channel 

estimate, a least-squares (LS) criterion is most often 
used for-the known part of the dat.a. This LS criterion 
can be used as an auxiliary constraint for the blind 
cost functiori, or vice versa. The method of Lagrange 
multipliers will transform a constrained optimization 
problem to an. unconstrained composite criterion. 

A straightforward cost function that combines the 
LS criterion with.the CM( 1,2) cost function is proposed 
in [3] as follows:. 

where p is some regularization coefficient. no is the 
starting position of the known symbols and iYk (ATl1) is 
the number of known (unknown) symbols. .in impor- 
tant parameter is D, the delay (relative to the current 
time instant) at which the sequence n i l 1  be recovered. 
It ranges from 0 to  (dE - d + Etzl L , )  and is speci- 
fied in advance. In multi-user cases. D also indicates 
the user indes (refer to model (2)). In the cost func- 
tion above. Ch4(1,2) is chosen over the ClI(2.2) cost 
function because the latter enforces the ChI constraint 
more strictly and may undesirably dominate the com- 
posite criterion. But like ChI(2,2), CRl(1.2) is also a 
multi-modal cost function and has multiple minima in 
the vicinity of the Wiener solutions associated with dif- 
ferent delays. The w that minimizes the LS term of the 
composite Criterion will recover the sequence at  delay 
D. but it may not be the one that globally minimizes 
the CAI(l.2) term since other delays may offer a smaller 
cost than delay D. The conflict incurred by simply 
adding the two terms has to be dealt with by choosing 

p properly. \\.'e can imagine that t,he choice of p will de- 
pend on many factors such as t,he SNR, D: S k .  :Y; etc.. 
X simulation-bascd characterization of the p fact.or is 
reported in [5] for the particular pa,ramet.ers therein. 
Due to the non-linearit,!. of the cost function, a closed- 
form solution is difficult. to obtain. A Gauss-Newton 
type of off-line algorit.hni based on the gradient must, 
be used. The search process can take ma.ny iterations 
and may be trapped in an undesired minimum. 

Noticing the dran-back of using a multi-modal con- 
straint? the authors of [9] replace the CM(1,2) part by 
a constraint that can be minimized only by the filter 
with delay D (i.e.! t,he only null vector of some second 
order statistics matrix). 1nst.ead of totally abandoning 
the CRl(l,2) term as t.hey did, our strategy is to sim- 
ply apply the block F\I-ClIA-2 with the initialization 
obtained from t.raining. Thanks to the built-in delay 
control mechanism of FI\*Ch.IX-2, if the initialization 
puts the starting go in the basin of delay D, the block- 
it,erative algorithm will converge to that expected min- 
imum quickly. The init.ialization is still obtained using 
the LS criterion as in [ 3 ] .  A regularization must be 
used for very short. training sequences (in particular 
when ;%'k < A P E ) :  hence t.he initial filter estimate is 

( 6 )  w = (Rt,  + 61)-'pt, 

where b is a small number (e.g., 0 . 0 1 0 ~ ~ ~ , , ) ~  and 
n(,+.Yk - 1 

(7) 
H Rtr = x , + L > x , + D  

,=,IO 

n Q + . v k - l  

P t r  = 2 SrXi+D (8) 
i=ng 

Of course, the LS solution depends on the SNR! D and 
Nk and it is often not. satisfactory a.s a final solution 
especially when :\-k < JfPE, but it may lie in the 
basin of the espect,ed delay D.  If iVk is too short. sk 
may be ,just a trivial transformation of a shifted ver- 
sion of itself or of a partial sequence of another user. 
Then, the LS solution inay not serve as a good ini- 
tialization. After F\VChLA-2 coniFerges to a filter w,. 
a decision-directed iterative procedure such as in [TI  
may be used; i.e.! based on wc, t,eritative symbol de- 
cisions are made which are used in turn to compute a 
new \Viener filter. The procedure is repeated until no 
change in t,he decisions are observed. This procedure 
will improve the BER performance, especially in low 
SNR situations. Before w, is used. we can coarsely 
(due to the noise) compensate for the phase rotation 
factor inherent to blind methods, thanks to the known 
symbols. The rot,ation ambiguity can be easily calcu- 
lated using min, la*wFaYtr - str(, whose solution is 

.2 blind approach must be used when the LS solu- 
On the 

a = Wt' . ptr/lW:'RlrW,I'Z. 

tion from training alone is not satisfactory. 
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other hand. t,he benefit, of t.raining to  the blind ap- 
proach is nianifold. First, the rotation can be approx- 
ima.tely corrected to make symbol decisions. Second, 
the initialization set by training ma.kes it easier to re- 
cover a weak user in a near-far situation. Since the user 
power is absorbed irit,o the U and a simple spike ini- 
tialization corresponds t.o a go which is some row of 8, 
the final delay which is determined by the peak position 
of go must, belong to a strong user at a certain delay. 
\\kak users can only be recovered through a deflation 
approach [ 11). However: some tra.ining symbols from 
a weak user can set the init.ia1 point in the basin cor- 
responding t,o that user and the built.-in delay control 
nil1 lead to the desired recovery. Third, t,he init,ial- 
ization also has a significant impact on the number of 
iterations required. \$-e can see from ( 5 )  that the algo- 
rithm will enter the so-called saddle point when two or 
more element,s of go share the largest value. Although 
exactly equal coefficients are rare, nearly equal peaks 
will make the algorithm converge much more slowly. 
This could happen when users are received with simi- 
lar pon-ers and a spike init,ialization is used. Finally, a 
good initializa.tion can reduce the number of symbols 
required to Achieve convergence and increase the reli- 
ability of converging to the expected user/delay. For 
example? if the initialization can already yield a con- 
stant modulus output (i.e., Iwfx12 = I), we can see 
from (3) that the it.eration will result in no cha.nge even 
though the sequence is st.ill too short to establish the 
2.i.d. property. Other factors that also influence the 
number of symbols required are SNR and the accuracy 
of the 2.i.d. assumption for the pa.rticular realization 
of the user sequence. 

Our adaptive semi-blind approach basically uses the 
ada.ptive F\VChl-4-2 for fast. filter acquisition and relies 
on decision-direction (DD) for fine tuning. An outline 
of the algorithm is given below: 

Initialization: 

Po = d-’I ,  

120 = 0. covariance matrix 

Go = 0. 

WO = 0, filter 

- -  
6 = small positive constant 

fourth moment matrix - 
At each instant before convergence n = 1,2, . . ~ compute 

Rn = A R n - 1  + XnXf 

(A:  forgetting factor. set X = 1 before convergence) 
Gn = XGn-I + (xn  8 x , ) ( x ~  ‘8 x:)” 

P, = A-’Pn-l - X-’knxfPn-l 
Training Phase: (assuming training occurs at the be- 
ginning of a burst) 

w,, = wn-l + kn(sn  - w!,’.-lxn+d)~, for n <= :Yk 
Check Convergence at Selected Check Points “t“ : 

Iterate using initialization w.vk as follows: 
Wt./+l = 3wt.l - Pt . unt.ec{Gt . ( ~ t . 1  X W;./)}Wt./ 

Wt.r+i = wt.i+i/dwc/+l (Rtlt)wt.r+i 

If ‘konvergence can be reached” (discussed later) 
Correct rotation factor and switch to DD mode 

Else 
Try at next check point. from initialization wgk 

End 

The matrix G, which must be updated at  each time 
instant before convergence, is no longer needed in the 
DD mode where we can apply algorithms such as LMS, 
NLMS and RLS. Beforc! convergence, the forgetting fac- 
tor X is set to 1 for fastest acquisition, but the step-size 
K decreases at a. rate of l / n .  Thus when X = 1, the 
correct decisions made later will have an increasingly 
negligible influence. We want. to set X < 1 if the RLS 
algorithm is used in the DD mode. 

Since we do not have to  do iterations a t  all time in- 
stants, we can iterate only at  selected points for compu- 
tational savings. At those check point.s, an implcmen- 
tation issue is how to  decide if convergence is attained. 
Since we can not use t.he unobservable global response, 
u-e propose to measure the change in g between two 
consecutive iterations, i.e., 

llAgkI12 = llgk - gk-11I2  (wk - w ~ - - ) ” R ~ ( w ~  - wk-1) 

If after an allowed maximum number of iterations (say 
9 ) .  JIAg,llL is still larger than a pre-specified threshold 
17, a failure is declared for the attempt at this sample. 
Because of the super-fast convergence rate. a very small 
IlAgl12 can be reached in just a few iterations from ini- 
tializations that are not close to  saddle points. Also, 
since ll-lg112 should decrease monotonically. whenever 
an increase in (lAg(I2 is observed after an iteration, a 
failure can be declared with no need for further iter- 
ation. \Ye find this implementation strategy effective 
and reliable, though other methods are possible. such 
as investigating IlAwll’, or examining the M E  perfor- 
mance of the tentative decisions based on that w. 

5.  SIMULATIONS 
The case of two simultaneous users in a -Bad Urban” 

environment is simulated. Each user has eight rays ar- 
riving in two clusters Kith the total signal power of the 
first cluster set t o  be twice as high as that of the sec- 
ond cluster. The modulation is QPSK with a raised co- 
sine pulse shape. After truncation. the channel lengths 
are 6T and 3T. respectively. The space-time receiver 
consists of an array of four ( A I  = 4) half-wavelength- 
spaced antennas each with T/2 oversampling (P = 2). 
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and a t,\vo-tap t.empora1 transversal filter after each of 
t,he AlP = 8 sub-channels. Hence the channel ma.trix 
'fl is 16-by-13. -4n ext.remely difficult near-far situa- 
tion is simulated 1vit.h user-1 20dB stronger than user- 
2. which results a large condit,iori number (292) for 
3-1. The received SNR of user-2, defined as SrVR = 
10log,o(ll ' t l lI l~./(a~hfPE))? is set t o  20dB t.hough its 
SINR is less than -20dB. Our performance rneasurc is 

Illax, ( lgz 12) . 
\Vhen we recover user-1 with some known symbols, no 
knodedge of user-2 is required (i.e.: treated as a blind 
interferer), and vice versa. We simply designate the 
first i\'k = 12 (< M P E )  random symbols at the be- 
ginning of a burst to be known. During our blind ac- 
quisition, the maximum iteration number is q = 8 and 
q = 0.001. Our check points are every I I  for R > 30 
and X is set to 0.98 in the tracking mode. 

X typical trial is shown in Figure 1.  Also included is 
the performance for the RLS algorithm fed with tcnta- 
tive decisions at every n > i\,'k. RLS wit,h ideal decision 
feedback, and the Wiener bound obtained assuming an 
entire block of 300 known symbols. For the stronger 
user (upper ,subplot), 12 known symbols can already 
result in a "good" filter whose residual IS1 is shown as 
the flat line till the point at  which ConvergeIice is de- 
clared. -411 of the tentative decisions after i'ik in this 
case are correct and can be used as if more training were 
proi.ided. For the weak user (lower subplot) ~ however, 
unreliable tentative decisions result in very slow con- 
vergence if not divergence. Our semi-blind approach 
converges, though as expected. more data is required. 
Meanwhile, the blind algorithm can only recover a weak 
user after all stronger signals are successively recovered 
first [ll]. Due to the different init.ializat,ions set by the 
random known symbols in our 200 Monte Carlo trials, 
the number of symbols required t.o at tairi convergence 
is also different from trial t.o trial. In Figure 2. we 
plot. the percentage of t,rials in which convergence is 
attained wit,hin a certain amount of data. Out of all 
the trials: we observed three cases where convergence 
was not attained for the weak user due to poor initial- 
ization set by the short training data. However: t,he 
RLS algorit.hm n-ith tentative DD failed in inore than 
.50% of the trials. 
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