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Abstract— In this paper, a constant modulus algorithm (CMA)
basedmultiuser detector is proposedunder linear constraints. Dif-
ferent fr om previous work, we explicitly consider multipath effect.
Therefore multiple constraintsareincorporated into the optimization
problem to mitigate multipath distortions. The algorithm will work
well if constraint parametersare properly pre-selected.However, the
detector’s performance highly dependson the constraints. Thus we
jointly update the detector and the constraint vector by minimizing
the Godard’s cost function with respectto both the detector and the
constraint vector. It is shown that under certain conditions in the
absenceof noise,the algorithm guaranteesglobal convergence. Nu-
merical examplesare presentedto demonstratethe results.

I . INTRODUCTION

It hasbeenwell recognizedthat whenthe communica-
tion channelsuffers from multipathdistortions,an equal-
izer is requiredto recover the transmittedsymbols. The
constantmodulusalgorithm(CMA) hasshown its effec-
tivenessin combatingintersymbolinterference(ISI) [2]. It
is usuallyimplementedadaptively dueto difficulty in ob-
tainingaclosed-formsolutionandlow costconsideration.

Recently, thereemergesgreat interestin applying the
CMA to multiuserdetectiondueto theprevalenceof code
division multiple access(CDMA) technique.Two differ-
ent methodsexist amongthoseapproaches.Oneis to de-
sign a bankof detectorswith eachonedetectingoneuser
[6]. Thusall userscanbedetectedat thesametime. This
multiuserdetectionschemecanbeimplementedin thebase
stationwhichis capableof processinglargeamountof data
in parallel. But in themobilestation,it is neitherpossible
nornecessaryto obtainall detectors.Moreover, thereis an
embeddedpermutationambiguityto befurtherremovedin
order to differentiateusers. The othermethodis to con-
sideronly thedesireduser[5], [10]. With givenspreading
codesof thatuser, thedetectorwasforcedto satisfyalinear
constraintwhentheCMA wasapplied.Thealgorithmwas
improved by introducinga parameterinto the CMA cost
function in orderto guaranteeglobalconvergence[11]. It
turnsout that thepower of thedesireduserdeterminesthe
convergencestatusof the algorithm. Only the flat fading

channelwasconsideredin thesemethods.However, this
maynot be thecasein a practicalcommunicationsystem.
Typically, thereceivercapturesseveralcopiesof signalsof
differentpower from the sameuser. The first arrivedsig-
nal couldbetoo weakto becountedon. Unfortunatelythe
multipatheffectwasnotaddressedin any of thosemethods.
It motivatesus to derive a correspondingmethodin order
to combineall signalswhich aredeemedequallyusefulin
detection.

The previous CMA-basedmultiuserdetectionmethods
exploitedlinearlyconstrainedadaptivedetectiontechnique
for anon-frequency selectivechannel.Theconstrainedop-
timizationideais notanew one.Insteadof minimizingthe
Godard’s costfunction,blind adaptive multiuserdetection
wasproposedby [3] for thesamescenarioby minimizing
themeanoutputenergy(MOE) of thedetector. Thissecond
orderstatistic(SOS)basedmethodofferssomeadvantages
in computationandconvergencerate.If thecodesequence
andtiming of thedesireduserareperfectlyknown, thenthe
MOE detectoris equivalentto the minimummeansquare
error(MMSE) detector.

The successof the MOE methodis not surprisingif
we review the linearly constrainedminimum variance
(LCMV) beamformingtechniquefrom array signal pro-
cessing[1]. Many relevantalgorithmswerelaterdeveloped
to mitigatemultipathdistortions[4], [8] by pre-selectinga
setof constantconstraints.However, correspondingto dif-
ferentconstraints,abankof detectorsfollowedby acoher-
ent combinerarenormally required. Channelestimation
appearsasaprerequisitefor bettermultiuserdetectionper-
formance. Moreover, complex implementationis not fa-
vorablein mostapplications.This inspiresanothersimple
structurerecentlyproposedby [9] whereonly onedetec-
tor wasneededto detectthedesireduserin thepresenceof
multipath. To combatmultipathdistortion,multiple con-
straintswerestill employedbut treatedasunknownparam-
eters.They werearrangedin avectorfor convenience.The



methodrecursively minimizestheoutputvariancewith re-
spectto thedetectorandmeanwhilemaximizesit with re-
spectto theconstraintvector. Thusthismin/maxapproach
jointly updatesall theseparameters.In suchaway, channel
variationis capturedandsomeoptimality is achieved.The
detectorexhibits performancecomparableto the MMSE
detector.

Motivatedby thesefacts,weproposeaCMA-basedmul-
tiuser detectionmethodsuitable for frequency selective
fading communicationenvironment. We only adopt the
Godard’scostfunctionalthoughothermerit functionssuch
as [7] are also possiblecandidates.The problemis for-
mulatedasminimizing the CMA cost function subjectto
multiple linearconstraints.Theconstraintscanbeproperly
pre-selectedor jointly updatedbasedon gradientdescent
method. We also investigatethe convergencepropertyof
the algorithmandshow that whenthe constraintvectoris
properlyinitialized,a globalminimumsolutionis guaran-
teed. However, without channelfading information, it is
difficult to choosefavorableinitial valuesfor theconstraint
parameters.To solve initializationproblem,wemayresort
to the MOE method[9] due to its excellentconvergence
nature.After someiterations,theconstraintvectoris taken
asthe initialization for our proposedrecursion.Different
numericalexamplesarepresentedfor suchdemonstration.

I I . SIGNAL MODEL

Considera DS-CDMA systemwith � users. User �
is assigneda periodic spreadingsequence�����
	�� , 	�
�����������������

of period
�

and transmits
�

chips per in-
formation symbol. Let the chip sequencebe transmitted
througha linear multipath channel ��������� . Then the re-
ceived discrete-timesignal  !�"��� at the chip rate receiver
is a superpositionof the signalsfrom all usersplus noise# �"��� (see[9])
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/ � ����� is zero-mean,i.i.d. informationbearingsequenceof
user � (�<
 ����������� � ) with variance =?>@BA 
DCFE / >� �����HG ,2I���"��� is its signature,

4 � is thedelayof user� in chip pe-
riods, and # ����� is assumedto be AWGN with zero-mean

andvariance=?>J 
KCLE # >������HG . Without lossof generality
we mayassumethat thedelay

�NMO4 �QP � . We will also
assumethat �����"��� hasfinite impulseresponseof maximum
order R (typically RTS �

in many applications).
For simplicity, weassumethereceiveris synchronizedto

our desireduser- user1. Collect U measurementsof  ?�����
in a vector V*WL
YX  ?��� � � ���������  ?��� � 6ZU �[� �]\_^ . Thenthe
receivedsignalhastheform

V*WL
a`Fb ) / ) �����76dcfe Whg]i e Whg �"���76kj$����� (2)

wherei e Whg ����� is theinterferencevectorincludingISI and
multiple accessinterference(MAI), cae Whg is the corre-
spondingsignaturematrix, j$����� is thenoisevector, ` andb ) arecodematrixandchannelvectorrespectively
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The structureof the user’s signaturewill be exploited to
derive a blind adaptive multiuserdetectorwith capableof
combatingmultipathdistortions.Themethodwill bebased
on theconstrainedCMA techniqueasexplainednext.

I I I . CONSTRAINED CMA-BASED MULTIUSER

DETECTION WITH MULTIPATH

TheCMA algorithmis toseekalineardetectorv to min-
imize thecostfunctionw


xCFEI�"y > �Nz � > G
wherey is thedetector’soutput y{
fv ^ V*W , z is a constantz 
D|~} @!���� W��t�|~} @?�� � W��t� . In the caseof BPSK modulationwith bi-

naryinputs,
z 
 �

. In orderto detect/ ) ����� in a multiuser
communicationsystem,we constrainthe detectoras fol-
lows: ` ^ v<
Ob . Suchconstraintsensureno cancellation
of thedesiredsignalin y if b7^7b )��
 �

. If thereis no mul-
tipath,then ` degradesto avectorand b becomesa scalar
(unity). The methodbecomessameas the existing ones
[5], [10]. With multipathdistortions,multiple constraints
arerequiredto capturetotal energy of signalsfrom differ-
entpaths.Thevector b canbepre-selectedasa constant.
For eachgiven b , the residualof the cost function after
minimizationis thenrelatedto the interferencepower. In
orderto achievesomeoptimality in theperformanceof the



detector, we treat b asa parameterizedvectorandfurther
minimizetheminimumof thecostfunction�F���b �F���v

w

xCFEI�"y > �Nz � > G � subjectto ` ^ v�
[b (4)

Since

w
is a fourthorderfunctionof thedetector, aclosed-

form solutionto this constrainedoptimizationproblemis
difficult to obtain. To seekits optimum, we constructa
Lagrangiancostfunctionparameterizedby v and bw

) 
xCFEI�"y > �Nz � > G�6k� ^ �t` ^ v � b*� (5)

where � is a Lagrangemultiplier correspondingto con-
straintsfor our detectorv . Thentwo updateequationsforv and b canbeformedas

v�Wu� ) 
av.W �5����� v
w
) (6)

b?W�� ) 
db�W ���?� �t� � b?W�b7^Wb ^W?b�W � � b
w
) (7)

which will recursively minimize

w
) with respectto v andb . Projectionof

� b
w
) ontothespaceorthogonalto b has

beenmadein (7) in order to updateonly the orthogonal
component.Accordingto (5), thegradientsin (6) and(7)
canbeeasilyderived.Thereforerecursionsbecome
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The Lagrangemultiplier � W is obtainedby enforcingthe
constraint̀ ^ v$Wu� ) 
�b?W (e.g.,[9]). Theresultis
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By substituting(10) into (8) and (9), and using instanta-
neousapproximationfor theexpectedvalues,weobtain
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Equations(12)and(13)providea joint updaterulefor v
and b . Thebehavior of this algorithmturnsout to bevery
difficult to track,becausethe costfunction is highly non-
linearwith respectto (w.r.t.) thedetector. Evenwhenthe
outputpowerwasusedasthecostfunctionin [9], theanal-
ysiswasmuchcomplicated.Next wewill only considerthe
casewhereb is updatedslowly in theneighborhoodof the
desiredsolution,andthus b7^!b ) couldbeapproximatedas
a constant.

IV. CONVERGENCE ANALYSIS

Dueto thepreviousdifficulty in theanalysisof thepro-
poseddetectorandin order to gain someinsight into the
propertyof the proposedalgorithm,we will simplify our
analysisin two steps:first minimize

w
w.r.t. v by treatingb asa constant,andthenminimize

w
8 e W w.r.t. b . For sim-

plicity, it is alsoassumedthat all usersaresynchronized,
channelis realandnoiseis negligible.

As in [10], we define c 
§X `¨b ) c e Whg \ and ©ª^«
v ^ c¬
YX ­ ) ��������� ­ % \ . Since
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andthelinearconstraints̀ ^ v0
[b areequivalentto ­ ) 
b ^ b ) , theconstrainedoptimizationproblemin (4) reduces
to �F���® � ' b*¯�b �

w
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Whentheconstraintvector b is approximatelya constant,
theanalysisis similar to thatof [10] with b?^?b ) equivalent
to ´µ) in [10]. Therefore,wedirectlyapplytheproposition
from [10] andconclude:when b is chosenor updatedsuch
that �¶b�^!b ) �3>�· )¸ always holds, the detectorconverges
to its uniqueglobalminimumpoint with zeroMAI; other-
wise,when �_b7^7b ) �;>TP )¸ , thedetectorconvergesto oneof
its
± � �d± local minimumpointswhich correspondto the

casewhereonly oneundesireduserhasnonzerointerfer-
encepower of

�µ� °B�_b�^!b ) �3> . Next, we will considerthe
convergenceof b by examining

w
8 e W at thesetwo setsof

minimumpoints.
In thefirst casewhere �_b7^?b ) �3>F· )¸ , theMAI becomes

zero.We have w
8 e W 
YX��¶b ^ b ) � > �d� \ >



Thenminimizationof

w
8 e W will make �_b�^!b ) �3> converge

to
�
. If ¹ b ) ¹�
 � and ¹ bª¹�
 � , thenb convergesto b ) . Espe-

cially, since �¶b�^!b ) �3> is thepower of thedesireduser, this
minimum point correspondsto zero MAI and maximum
outputpowerof thedesireduser.

In thesecondcasewhere �_b7^?b ) �3>TP )¸ , whenthedetec-
tor convergesto its local minimum point for a specific b ,
wehavetheinterferencepoweras

�º� °»�¶b ^ b ) � > , thenw
8 e W 
 X��¶b ^ b ) � > 6<� �¼� °B�_b ^ b ) � > � �[� \ >
 � �_b ^ b ) � ² (17)

Minimizing

w
8 e W w.r.t. b will clearly make b converge

to ½ . In this case,the output power of the desireduser
will bezero,while oneof theundesireduserwill have the
maximumpower of

�
. This caseleadsthe algorithm to

convergeto anotheruserwhile giving the worst detection
performancew.r.t. thedesireduser.

We thus concludethis sectionby the following state-
ment:
(1) Whentheconstraintb is initializedwith �_b�^!b ) �3>T· )¸ ,
andb is updatedslowly enough,theproposeddetectorcon-
vergesto thedesiredglobalminimumpointwith zeroMAI
andmaximumdesireduserpower.
(2) Otherwise,when b is initialized with �¶b?^7b ) �;>aP )¸
and b is updatedslowly enough,theproposeddetectorwill
convergeto oneof its

± � ��± localminimumpointswhich
areundesirablefor thedetectionof theuserof interest.
However, without trainingsequence,thechannelb ) is not
a priori-known. Thequestionarisesashow to chooseini-
tial valuefor theconstraintvector b . A good(althoughnot
optimal)solutionis to usetheupdatedresultfor b from [9]
after b converges,sinceb wasshown in [9] to convergetob ) with very small error. The error is dueto theAWGN.
Thenwetakethatvalueto initialize b andswitchtherecur-
sionfor b to theproposedone(13).

V. SIMULATIONS

In this section,we provide somesimulationexamples
to illustratethecapabilityof theproposeddetectorto sup-
pressMAI in a multipathenvironment.A systemwith 10
equalpower usersandspreadingfactor

� 
¾° � wascon-
sidered.Gold codesof length ° � wereusedasspreading
codes.EachusertransmitsBPSKsignalsthrougha(differ-
ent)randomlygeneratedmultipathchannelof lengthequal
to
�

chips.All usersweresynchronizedatthereceiver, with
the first userassumedto be the desireduser. The

��¿u4¥À

AWGN wasassumed.
In Fig.1, we comparethe proposeddetectorwith the

trainedMMSE, MOE andCMA (underthe constantcon-
straints)receiversin termsof thesignalto interferenceplus
noiseratio (SINR).Theconstraintvector b wasinitialized
with ¹ b7^!b ) ¹ >Á
 �»� ¿�Â . It is seenthatthereceiverconverges
to thedesiredglobalminimumwith theoutputSINR level
verycloseto thatof MMSE receiver, higherthanthatof the
MOE receiver, andmuchbetterthanthat of the constant-
constrainedCMA receiver.

In thesecondexperiment,we testedtheinitializationef-
fect. If b wasinitializedwith ¹ b�^?b ) ¹ >Á
 ����� � , it canbeob-
servedfrom Fig. 2 that thedetectorconvergesto anunde-
siredlocalminimumwith anegativeSINR.However, if we
resortto MOE for satisfactoryinitial constraintsafter

±u���
iterationsandtake thecorrespondingconstrainedvectoras
the initialization for our algorithm,thenthe proposedde-
tectorconvergesto thedesiredglobalminimumpointwith
a higherSINR level thantheMOE receiver.

Thelastexperimentinvestigatedthebehavior of thepro-
poseddetectorin a near-far communicationenvironment.
We consideredthe situationthat user

�
was assignedthe

power
��4¥À

,
±u4¥À

,
� 4�À

and Ã 4�À weaker thaneachof other
users.The constraintvectorwasinitialized asin the first
experiment. The correspondingoutputSINRsareplotted
in Fig.3. Clearly, the SINRs converge to a very similar
level, indicatingthat the proposeddetectoris near-far re-
sistant.
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Fig. 1. Comparisonof differentreceivers,SIR=0dB,SNR=15dB.
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