
SEMIBLIND DECISION-FEEDBACK MULTIUSER INTERFERENCE CANCELLATION
BASED ON THE MAXIMUM LIKELIHOOD PRINCIPLE

MónicaF. Bugallo,Joaqúın Mı́guez,LuisCastedo
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ABSTRACT

This paper addressesthe problem of interference suppres-
sion in Direct SequenceCode Division Multiple Access (DS
CDMA) systems.We proposea novel semiblindDecisionFeed-
back(DF) receiver basedon theMaximumLikelihood(ML) prin-
ciple thatsimultaneouslyexploits the transmissionof trainingse-
quencesand the statisticalinformation concerningthe unknown
transmittedsymbols. The SpaceAlternatingGeneralizedExpec-
tation Maximization (SAGE) algorithmallows an efficient itera-
tive implementationof the receiver. Computersimulationsshow
that the resultingmultiuserdetectorattainspractically the same
performanceasthe theoreticalDF Minimum MeanSquareError
(MMSE) receiver.

1. INTRODUCTION

Thirdgenerationwidebandmobilecommunicationsystemsrely on
theDirect SequenceCodeDivision Multiple Access(DS CDMA)
schemebecauseit provides an efficient and flexible use of the
spectrum[1]. In practice,however, thecapacityof CDMA systems
is severelylimited by theMultiple AccessInterference(MAI) and
theInter-SymbolInterference(ISI).

It is well known [2] thatoptimummultiuserdetectionresults
from the Maximum Likelihood (ML) estimationof the symbols
transmittedby the desired user. Implementationof the ML
detectorsproposedin theliterature[2], however, is limited by the
needof knowing thechannelcharacteristicsandtheir prohibitive
computationalcomplexity. Therefore,low-complexity alternative
approachesbased on linear filtering have been investigated.
Conventional linear Minimum Mean Square Error (MMSE)
receivers [2] implicitly estimatethe channelparametersusing a
training sequence.Therefore,the longer this training sequence
is the better the receiver performanceis. However, in burst
transmissionsystemseachblock of received data consistsof a
trainingpartanda sequenceof unknown symbols.In this context,
it is desirableto minimize the lengthof the training part in order
to usethechannelefficiently.

In this work we introducea novel nonlinearapproachto MAI
and ISI cancellationin multiuser communicationsystemsthat
is basedon the applicationof the ML principle. A Decision
Feedback(DF) receiver structureis consideredand the Space
Alternating GeneralizedExpectation-Maximization(SAGE) [3]
algorithmis usedto computethe optimum(accordingto the ML
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criterion)valuesof thereceiver parameters.Theresultingdetector
is a semiblind one becauseit exploits both the transmission
of training sequencesand the known statistical features of
the transmittedsymbols and the noise in the channel. As a
consequence,the proposedschemeallows to achieve a very
advantageoustrade-off between training sequencelength and
receiver performancewhencomparedto conventionalapproaches.

It is important to remark that the proposedsemiblind DF-
SAGE approach substantially differs from existing DF ML
SequenceDetectors(DF-MLSD) [4] becausethe latter arebased
on the Viterbi algorithm whereasthe former simply consistsof
two linearfilters (oneforwardfilter andonebackwardfilter) with
an intercalatedthresholddetector. Thus,our approachis similar
in complexity to conventional linear multiuser receivers and
considerablyless computationallydemandingthan DF-MLSD.
Furthermore,computer simulations reveal that the DF-SAGE
receiver widely improves the theoreticalperformancelimit of
linearmultiuserreceiversdueto thenonlinearityintroducedby the
thresholddetector.

Theremainingof thepaperis organizedasfollows. Section2
describesthesignalmodelof anasynchronoustime-dispersiveDS
CDMA system.Section3 introducestheDF semiblindmultiuser
receiver basedon the ML criterion. In section4 we develop
the SAGE algorithm that iteratively solves the ML optimization
problem. Section5 presentssimulationresultsand section6 is
devotedto theconclusions.

2. SIGNAL MODEL

Figure 1 shows the asynchronousbaseband discrete-time
equivalentmodelof a Direct Sequence(DS) CDMA systemwith
time dispersive channels.Whenthe

�
-th usertransmitsanisolated

symbol, ��� , it is multiplied by a uniquebinary-valuedspreading
sequencewith � chipspersymbol, � ���	��

����������������� ����� . The
resultingsignal passesthrougha linear time-dispersive channel,� � �	��

������������������ �!� , thataccountsnot only for thechannel
responsebut also for the relative time delays of the different
usersandthetransmitandreceiver front-endfilters. Thereceived
sequenceis thesuperpositionof thetransmittedsignalsfrom the "
usersplus theAdditive White GaussianNoise(AWGN) sequence# �	��
 , i.e.,$ �	��
%� &' �)(+*-, � �	�.
 �/�10 # �	�.
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Fig. 1. Basebanddiscrete-timeequivalentmodelof a DSCDMA systemwith timedispersive channels.
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 , haslength��0  �G� andwill betermedreceivedcode. Dueto thechannel
time dispersive effect, when a symbol, ��� �IHJ
 , is transmitted,it
interfereswith � �8�IH �K� 

� � �7�IH �L6 

��������� � �7�IH �NM�02� 
 , whereM �OQP�R =+? *P S is thechannelmemorysize.Thereceivedsequencefor
the H -th symbolperiodis$ �IH-�8�.
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where , � �IYZ�8�.
`� , � �IY �a0 ��
 . Bringing together all the
observationsthat involve thesymbolof interest,� �7�IHb
 , we obtain
an expresion for the overall received sequenceusing vector
notationas c �IHJ
%�^dfeg�IHJ
 0ih �IHJ
 (3)
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 received codematrix, composedof the
submatrices � W � k �U*Q�IY:

��l�l�l��7� & �IY:
rq)s ,
and �+�7�IY[
���k , �8�IYZ�8�[

�/l�l�l�� , �7�IY�� �>�m� 
rq s . The transmitted
symbol vector is eg�IHb
���k ��* �IH �^Mj0�� 
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;��k # �IH-�8�:
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rq�s is avector
of independentandidenticallydistributed(i.i.d.) Gaussianrandom
variableswith zeromeanandvariance�b�� .

The DF multiuser receiver consistsof a linear FIR forward
filter, � � k ��*���l�l/l��8� P V q s , and a backward filter, � �k � * ��l�l�l/�7� V ? * q s . Therefore,the H -th symbolsoftestimateis  �IHb
%� �2¡ c �IHJ
 0i�-¡2¢e * �IHJ
 (4)

where the superindex ¡ denotesHermitian transpositionand¢e * �IHJ
;��k ¢��* �IH �5� 

��l�l�l�� ¢�Z* �IH ��M!0�� 
rq is an � M��5� 
 t3� vector
that correspondsto an estimateof the causal ISI. The symbols
in ¢eg*Q�IHJ
 are easily obtainedfrom the available soft estimates,  �IH ��� 

��l�l�l/�   �IH ��M>0£� 
 usinga thresholddetector.

3. SELECTION OF THE FILTER COEFFICIENTS

Let usassumethatboththeMAI andtheISI aretotally suppressed
by the receiver. Then, the soft symbol estimate,  �IHJ
 , consists
of just two components:thedesiredusersymbolandan additive
Gaussiannoise term. Denoting ��¤ and �+¤ as the filters that
completelyeliminatebothMAI andISI, wecanwrite  �IHJ
-� �2¡¤ c �IHJ
 0i�-¡¤ ¢e * �IHJ
;� �Z* �IHJ
 0 #[¥ �IHJ
 (5)

where � *��IHJ
 is the desiredusersymboland #¦¥ �IHJ
 is a complex
Gaussianrandomvariablewith zero meanand variance � �¥ . In
this section,the filtered noisevariance,� �¥ , will be considereda
constantfor thesake of simplicity. In section4, however, we will
alsoproposeaneasy-to-implementupdatingrule for � �¥ .

Let § be the numberof observation vectorsavailableat the
receiver. Sincein digital communicationsthetransmittedsymbols
are usually modelled as discrete, independentand identically
distributed (i.i.d.) random variables with known probability
densityfunction (p.d.f.) andfinite alphabet,theoptimumsymbol
estimates  �	�[

�
�������   � §a�i� 
 computedasin (5) arealsoi.i.d. and
thejoint p.d.f. of ¨ ��k   �	�[

���������   � §m�_� 
rq s is [5]©�ª�« ¬ � ¨ 
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whereÃ ��k �2¤ � �+¤ q and ´ºµ kDl q denotesstatisticalexpectationwith
respectto (w.r.t.) thedesiredusersymbol.Noticethat ´¶µ kDl q canbe
analyticallycalculatedbecauseit reducesto a simplesummation.
Using(6), theML estimateof Ã turnsout to be¢Ã �^ÄQÅ8ÆÈÇ�ÄQÉ¬ËÊZÌ � Ã 
8Í (7)

where ¢Ã ��k�Î� �[Î� q , andÌ � Ã 
%� ° ? *' ³ (EA;Ï�Ð Æ ´ºµL·7¸ ?Ñ¹ »/¼D½�¾ }�¿ ¹ �À � Á Â
(8)

is thelog-likelihoodof Ã w.r.t. thesoft estimates̈ .
The log-likelihood Ì � Ã 
 is a non quadraticfunction with

several maxima. In particular, the solutions to problem (7)
guaranteethat the soft estimates,  �IHJ
 , have a p.d.f. close to© µ R � Á �\l 
 . However, this is not enoughto ensurethat the desired



useris extracted.Sincein CDMA all userstransmitsymbolswith
the samemodulationformat, thep.d.f. of the

�
-th interferenceat

thereceiverisalso
© µ R � Á �\l 
 , whichdoesnotdiffer from thedesired

userp.d.f.. Therefore,solving the optimizationproblem(7) may
leadto thecapture of aninterference.

The captureproblem can be considerablyalleviated if we
exploit the transmissionof a short training sequenceof Ò Ó§ symbols, as it is done in currently standardizedmobile
communicationsystems. Indeed,let us assumethat the first Ò
symbols(i.e., e-Ôº��k ��* �	�:

��������� �Z* � ÒÕ��� 
rq s ) areknown a priori
by the receiver. Conditioningthe expectationsin (7) w.r.t. the
known symbols, e Ô , we arrive at a semiblindreceiver wherethe
filter coefficientsarecomputedasthesolutionto¢Ã � ÄZÅ8ÆÈÇ�ÄQÉ¬ËÊ�Ì � Ã 
×Ö Ø�Ù�Í� ÄZÅ8ÆÈÇ3Ú�Û¬ËÜÑÝ ? *' ³ (BA Ö   �IHb
 ��� *Q�IHJ
�Ö �� ° ? *'³ ( Ý Ï�Ð Æ ´ºµ]·Þ¸ ? ¹ »
¼D½:¾

}�¿ ¹ �À � Á Âvß � (9)

The computersimulationsin section5 show that short training
sequences( Òáà`â � symbols)are enoughto avoid the capture
problem. This is becausethe first term in (9) is a purely
quadraticform with an only minimum that correspondsto the
roughextractionof thedesireduser. Notethat Ã is still computed
according to the ML principle. All the available statistical
informationis employedto obtainthefilter coefficientsand,hence,
the proposedsemiblind DF receiver outperformsconventional
DF-MMSE multiuserdetectors[2] that only exploit the training
sequencee-Ô .

4. ITERATIVE IMPLEMENTATION

Sinceit is not possibleto find a closedform solutionto problem
(9), we proposeto computethe parameterestimates ¢Ã usingthe
ExpectationMaximization(EM) algorithm[6]. TheEM approach
postulatestheexistenceof somemissing(unobserved)datathat,if
known, would aid in theestimationproblem.

Let the soft estimates,  �IHJ

�ãHä�å�4��������� §Õ�æ� , be the
incompletedata set and let be the extendedvectors ¨bç �IHb
��k   �IHJ
 � *Q�IHJ
rq s , Hè�é���/������� §j��� , the completedataset. The
completedatasufficient statisticsis providedby thefunction[5]êèë Ã �E¢Ã��Iì �îí � ° ? *'³ (EA ´ µ ~�ï ³:ðrñ ò ï ³[ð ì Ø�Ù «ró¬BôIõ ô k Ï�Ð Æº� © ª[ö�« ¬ � ¨Jç �IHJ
7
7
îq
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� ¢� ��ù¦
rq , ¨ ç��IHJ
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�7e Ô denotes
conditioningof the completedata to the observed dataand the
trainingsequence,and©�ª:ö�« ¬ � ¨ ç:�IHJ
7
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7
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is the likelihood of Ã w.r.t. a single completedatavector [5].
Substituting(11) into (10), the E andM stepscanbe combined
into theequivalentsingleiteration¢Ã � R *7ì � R *�� ÄQÅ8ÆÈÇ�ÄQÉ¬�û ê^ë Ã � ¢Ã �Iì � í.ü �
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Thus, we have castproblem(9), which doesnot have a closed
form solution,into a sequenceof quadraticproblemsthat canbe
analyticallysolved.

Nevertheless,solving(12) w.r.t. the joint parametervector Ã
is ratherinvolved.TheSpaceAlternatingGeneralizedEM (SAGE)
algorithm [3] is a suitable modification of the conventional
EM approachthat consistsof succesively maximizing functionê �\l���l 
 w.r.t. different parametersubsets[3]. In our case, it
is straightforward to find separateupdatingrules for ¢� � � 0a� 

and ¢� � � 0w� 
 (see(13) and (14)), respectively) where ¢ÿ�� �< ° ? *³ (EA c �IHJ
 c ¡ �IHJ
 , ¢ÿ óµ ~ �å< ° ? *³ (EA ¢e * �IHJ
[¢e ¡ * �IHJ
 and � �Iì ÷ �´ µ ~�ï ³:ðrñ ò ï ³:ð « ó¬EôIõ � k � ¤ * �IHJ
rq , which is calculated using the Bayes

theorem[5]. Thehardsymbolestimates¢�Z* �IH ��� 
 , � � � ��l�l�l�� M��� , which areusedto build vector ¢e * �IHb
 , arecomputedfrom the
correspondingsoft estimates  �IH ��� 
 obtainedusing the past
iterationfilter coefficients ¢� � � 
 and ¢� � � 
 .

Finally, notethat thefilterednoisevarianceparameter, �b�¥ , is
requiredin orderto compute� �	ì ÷ in equations(13)and(14). Since�b�¥ � � ¡¤ �2¤/�b�� is not known a priori , it mustbe estimated.A
very simpleestimationmethodconsistsof iteratively updating�+�¥
usingtheestimatesof �2¤ obtainedfrom (13), i.e.,¢� �¥ � � 0£� 
%� ¢�2¡ � � 
 ¢� � � 
 ¢� �¥ � � 

� (15)

Thus, the updatedvalue of ¢� �¥ � � 0�� 
 can be usedto compute¢� � � 0è� 
 and ¢� � � 0è� 
 . Accordingto our computersimulations,
anadequateinitialization of (15) is ¢�b�¥ � ¢�b�� , where ¢�b�� is a rough
estimateof theAWGN variance.

5. COMPUTER SIMULATIONS

We have carried out computer simulations to
illustrate the performanceof the proposedsemiblindreceiver in
anasynchronoustime dispersive DS CDMA systemwith " ���
userstransmittingQPSK symbols,length � �
	 binary codes
and length  `� � � complex unknown userchannels.Both the
spreadingcodesand the channelcoefficients of all usershave
beenchosenrandomly. Figure2 plots SymbolError Rate(SER)
curves for several values of the Signal to Noise Ratio (SNR)

definedas, SNR� � � Ï�Ð Æ *îA �
� ñ µ ~ ñ ��� ��� ~ � ~� �� , when the numberof

observation vectorsavailableto estimatethe receiver coefficients
is § � â �:� andthe lengthof the training sequenceis Ò � â �
symbols. In this figurewe comparethe theoreticallinearandDF
MMSE receivers(labeledLMMSE andDF-MMSE, respectively)
that assumeperfect knowledge of the channel parametersof
all userswith the conventional DF-MMSE and semiblind DF-
SAGE detectors. The former usesonly the training sequence
to selectthe receiver coefficients whereasthe latter is given by
equations(13) and (14). It is apparentthat the proposedDF-
SAGE receiver practicallymatchesthe performancelimit of the
DF-MMSE receiver and clearly outperformsboth the LMMSE
detectorand the conventional DF-MMSE receiver. The poor
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performanceof the latterdetectoris dueto the insufficient length
of thetrainingsequence.

Theconvergencespeedof theDF-SAGEiterativealgorithmis
illustratedin figure3, in termsof theMeanSquareError (MSE),
for a SNRof �Q6 dB. It is observedthata few iterations( à^6 � ) are
enoughto practicallyattaintheminimumMSE.

6. CONCLUSIONS

We have introduceda new semiblindapproachto MAI and ISI
rejection in DS CDMA. The proposedmethod uses the ML
principle to estimatethe coefficients of a DF receiver. It is
termedsemiblindbecauseit usesshorttrainingsequencesbut also
exploits the statistical information of the unknown transmitted
symbols and AWGN in the channel. Computer simulations
show that the proposedsemiblindDF receiver attainsthe same
performanceasthetheoreticalDF MMSE multiuserreceiverusing
short training sequences. Thus, it clearly outperformslinear
multiuserreceivers at the expenseof a very modestincreasein
computationalcomplexity.

7. REFERENCES

[1] P. Chaudhury, W. Mohr, andS.Onoe,“The 3GPPproposalfor
IMT-2000,” IEEECommunicationsMagazine, vol. 37,no.12,
pp.72–81,December1999.

[2] S.Verd́u, MultiuserDetection, CambdridgeUniversityPress,
Cambridge(UK), 1998.

 0  5 10 15 20 25 30
1e−1

    

    

    

 1e0

No. of iterations

M
S

E

LMMSE limit

DF−MMSE limit

DF−SAGE

Fig. 3. MSE vs. thenumberof iterationswith SNR=�Q6 dB.

[3] J. A. FesslerandA. O. Hero, “Space-alternatinggeneralized
expectation-maximizationalgorithm,” IEEE Trans. Signal
Processing, vol. 42,no.10,pp.2664–2677,October1994.

[4] A. Hafeezand W. E. Stark, “Decision feedbacksequence
estimationfor unwhitenedisi channelswith applicationsto
multiuser detection,” IEEE Journal on SelectedAreas in
Communications, vol. 16, no. 9, pp. 1785–1795,December
1998.

[5] M. F. Bugallo,J. Mı́guez,andL. Castedo,“Semiblind linear
multiuser interferencecancellation: A maximumlikelihood
approach,” submittedto SignalProcessing, March2000.

[6] G. J. McLachlanand T. Krishnan, The EM Algorithm and
Extensions, Wiley Seriesin ProbabilityandStatistics,John
Wiley & Sons,New York, 1997.


