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(3) UniversidadeTiradentes- Aracaju,SE, jugurta.montalvao@netdados.com.br
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ABSTRACT

Theuseof anonlinearstructureof filtering for blind equalizationis
presented.Thestructureneuralnetwork-basedis usedin orderto
providenonlinearityonthefilter structureandthelearningstrategy
is then divided in two stages. The Kullback-Leiblerdivergence
is usedas the basefor the cost function of a self-organizedrule
andconstantmoduluscriterionfor thesupervisedone.Simulation
resultsillustrate the performanceof the strategy comparedwith
classicalonesfor adaptive equalization.Theresultsshow thatthe
proposedstrategy outperformseventrainedDFEfor somecasesof
channels.

1. INTRODUCTION

It is well known that consideringthe hypothesisof i.i.d. trans-
mittedsymbols,thetaskof equalizationcanbedoneby meansof
prediction[1]. Regardingtheproblemof equalizationthroughthe
useof predictionasa classificationonesomeapproachescanbe
deduced[2, 3, 4]:�

Equalizationcorrespondsmappingon the input spaceto
constructa classseparationsurface;�
Themostsuitablemappingis usuallynonlinear(nonmini-
mumphasechannelscase);�
Somechannelscannotbe equalizedby meansof linear
structuressuchas transversalfilters, usingonly 2nd order
statistics.

Taking in accountthe above-referredcharacteristicsthe use
nonlinearityon filter structureinsteadof only in the adaptation
algorithmseemsto bea reasonablechoicefor sucha strategy that
performsequalization.Consideringtheuseof prediction,theprob-
lem of equalizationbecomesaninterpolationone[4].

Oncethatwearesearchingastructureableto performsuchan
interpolationsurface,we have proposedin [3] a predictive equal-
izer neuralnetwork-basedwhich usesa combinedlearningstrat-
egy usingasupervisedalgorithmbasedonminimizationof predic-
tion errorandaself-organizedalgorithmbasedonminimizationof
Kullback-Leiblerdivergence.Thisstrategy haspermittedto equal-
ize nonminimumphase(NMP) channelsusingonly 2nd statistics.
ThisstructurehavebeencalledNeural PredictiveStructure (NPS).
Due to theuseof minimizationof predictionerror thestrategy is
calledNPSMinimizingPredictionError (NPS-MPE).

Someworks have proposedthe useof a classof cost func-
tionsbasedon theminimizationof theconstantmoduluscriterion
(CMC) for predictiveequalizationstrategies[5]. Suchgoodresults
have inspiredusto usetheminimizationof theCMC on theprevi-
ousproposedstructure.This work investigatesandcomparesthe
novel strategy, thatwecalledNPSusingConstanteModulusCrite-
rion (NPS-CMC),with otherequalizationstrategies,includingthe
NPS-MPE.

Beforepresentingthe contribution of this paper, we recall in
Section2 thestructureof theNPSunderliningthecombinedlearn-
ing strategy. Section3 presentsthe novel strategy andshows its
principalsdifferencesfrom the NPS-MPE.Simulationresultsare
presentedin Section4 in orderto evaluatetheperformancefaced
to otherstrategies. Finally, our conclusionsarepresentedin Sec-
tion 5.

2. RECALLS ABOUT THE NPS

Let �	� 
	� a randomvariable(r.v.) drawn from a uniform distribu-
tion, which denotesthe transmittedsymbol,andthechannelwith
impulseresponsegivenby

� � 
 ��� ���	��� �	��� � 
 � � � (1)

we can also represent it in the vectorial notation ���� � ��� � � � ���	� � ! . Then, the noiselesschanneloutputsare
thenwrittenas " � 
	�#�%$'&'(�� 
	� � (2)

where $ is the channelconvolution matrix [2, 4] and (�� 
	� �� �	� 
	�)�	� 
+*-, � � � � � � 
.* /10%, � � ! . Thus,the equal-
izer inputsarewritten as:" � 
	��� " � 
	�	0-2�� 
	� (3)

where2�� 
	� is a vectorof normalr.v. denotingnoise.
The modelof the genericpredictive equalizeris depictedin

Figure1.

Concerningabouttheproblemof prediction,which is related
with theextractionof innovation,weobserve thattheuseof anon-
linearstrategy allows theuseof only one input for thepredictor, it
means,wepredict 3�� 
	� through4 NL � 3�� 
5*6, � � , where4 NL � � � is a
nonlineartransformation[3, 4].
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Figure 1: Modelof thepredictive equalizer.

In classificationapproach,this correspondsto find a function
ableto implementtheseparationbetweendifferentclasses.In dig-
ital communication,classesaresetfrom the transmittedalphabet
[2]. An examplefor binaryalphabetis shown in Figure2.
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Figure 2: Separationsurfacefor binarysignals.

The designof an structurewas basedon the ability of im-
plementinga function like that one representedin Figure 2 as7#8#8-9 :�9 ;+<>= ? ?

.

Basedon this modelandon theapproachof equalizationasa
classificationproblemwe developeda predictive neuralnetwork-
basedfor performingequalization.Figure3 depictsthestructure,
where@+A1B C DFE E E�C GIH J is thebiasof neuronsvector, K NPS

9 E ? is
thesignumfunctionand L%AMB N D.E E E#N G1H J is theoutputlinear
coefficient vector.

Onceestablishedthe structureto usewe needto definethe
learningstrategy which is responsiblefor theright convergenceof
theequalizer. As we will show, we separatedthe learningtaskin
two subtasks

1. Learningof @ parameters;

2. Learningof L parameters.

whichwill bedescribedin summaryonnext subsections.

2.1. Self-Organized Algorithm

It is know that the assumptionof a linear model for the channel
andgaussiannoiseprovidesa mixture of Gaussians,centeredon
thechannelnoiselessoutputs(calledchannelstates), for theprob-
ability densityfunction(pdf) of thereceivedsignal[2, 4]. As de-
picted in Figure2 we seethat fast transitions,for arising at the

right function,areplacedbetweentheGaussiansof thepdf of re-
ceived signal. For thefirst partof learningof NPSis how to find
those“valleys” whicharerelatedto theneuronsbias.

Thus,thinkingaboutthemeasureof similaritiesbetweenfunc-
tions we ariseat the Kullback-Leiblerdivergencecost function,
whichis well known in informationtheoryfield for measuringsim-
ilarities betweentwo positive definedfunctions.So,we have used
thefunction O :	< C P O tomeasuresimilaritieswith thepdfof received
signal.This is a self-organizedalgorithmoncetheneuralnetwork
doesnotneedany teacherandis akind of aAnti-Hebbianrule [7].
We calledthis algorithmSOFVA (Self-Organizedfor FindingVal-
leys Algorithms), andfor further informationaboutdeducingthe
algorithmsee[3, 4]. Thecostfunctionis thengivenby:Q

SOFVA
9 @ ? A <'R.S T U59 O :F< @�O ? V�W (4)

whereX is a terminsertedto guaranteethatthefunctionis positive
defined. The stochasticgradientof the algorithmfor updating @
parametersis in theformY+Q

SOFVA
9 @ ? A <+Z [ U59 :�9 ;+<-= ?�< @ 9 ;	? ?O :�9 ;+<>= ?	< @ 9 ;	? O \-X@ 9 ; \ = ? AI@ 9 ;	?�< ] E Y+Q SOFVA

9 @ ? W (5)

where
]

is theconvergencestepsize.

2.2. Supervised Algorithm

For theoptimizationof the L parameters,wehavechosenaclassi-
cal LMS algorithmfor prediction,theminimizationof prediction
error that correspondsto a whiteningprocesson predictoroutput
[6]. Namingthis algorithmassupervised,we arereferencingthe
neuralnetwork, that hasa teacher (the predictionerror) andnot
theequalizeronceit is self-adapted(or blind).

Than,costfunctionfor thesupervisedalgorithmisQ
SUP-MPE

9 L ? A R.^ O _ ` 9 ;	? O a b (6)

andthestochasticversionof theadaptationalgorithmis givenby:_ ` 9 ;	? A :�9 ;	?�<6769 :�9 ;+<>= ? W @ 9 ;	? W L 9 ;.<-= ? ?Y+Q
SUP-MPE

9 L ? AI_ ` 9 ;	? E c 9 ;	?L 9 ; \ = ? A>L 9 ;	? \ d.E Y+Q SUP-MPE
9 L ? (7)

where
7e9 E ? is thefunctionimplementedby theNPS,d is thecon-

vergencestepfactorand c 9 ;	? AfB g D 9 ;	? E E E'g G 9 ;	? H J are the
neuronsoutputs(seeFigure3).

Then,thecostfunctionfor theNPS-MPEisQ
NPS-MPE

9 @ W L ? A Q SUP-MPE
9 L ? \ Q SOFVA

9 @ ?Q
NPS-MPE

9 @ W L ? A R.^ O _ ` 9 ;	? O a b < R+S T U59 O :+< @�O ? V (8)

3. STRATEGY NPS-CMC

Inspiredby thegoodresultsin [5] thatprovide fasterconvergence
for predictive equalizersusingtheCMC thanotherstrategies,we
have investigatedtheuseof anothercriterionfor optimizingthe L
coefficients.

For theNPS-CMCthecostfunctionfor thesupervisedpartisQ
SUP-CMC

9 L ? A R.h'i O j 9 k ? O a < l a m a n W (9)
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Figure 3: NeuralPredictiveStructure(NPS).

whereoqp'rts u v w x y z { v |s u v w } y z { v | is theequalizationradius. Equation9 has

a correspondingstochasticversiongivenby:~ � � �	� r%� � �	�	�6�6� � � �+�>� � � �	� �	� � �q� �.�-� � ��+�
SUP-CMC

� ��� r%�e� ~ � � �	� � � oqp � v �e� ~ � � �	� v p ��q� �+�>� � r �q� �	�	� � � � � �	� �+� SUP-CMC
� ��� (10)

where � is theautomaticgaincontrol (AGC) which is adaptedby
thealgorithm[1],� � �+�>� � r � � �	� �-� CAG � � � pw � v � � �	� v p �� � �	� r�� v � � �	� v � (11)

wheretheinitialization is
� � � � r>� � � � r � .

ThentheNPS-CMCstrategy is summarizedby the following
equation: � � �	� �'� r � SUP-CMC

� ���	� �
SOFVA

� � �� � � � ��� r>����� v � � �	� v p � o � � p � � � u � � � v � � � v � |�� (12)

4. SIMULATION RESULTS

Simulationsweredonein orderto comparetheperformanceof the
proposednonlinearstrategy with otherequalizationones.To eval-
uatethem,wehavesimulatedover100Monte-Carlotrialsthedeci-
sionsquarederror(DSE), � � Dec� � � � �	� �	� � � �	� � p � , whereDec(� )
is thedecisiondevice, for a signal-to-noiseratio (SNR)definedin

dB asSNR r � � � �   ¡ ¢ £
¤¥q¦ }§ ¨ ©#ª «¬­ ® ¯q° ± ­ ° } ² ¦ }³¦ }´

µ¶
where � pw and � p·

are the power of transmittedsymbolsandnoiserespectively. In
orderto smooththe curveswe have applieda lowpassfilter with¸	¹ r � � º p .

In orderto definethestatusof thechannel,it meansif it is in
the“openeye” or “closedeye” situation,wewill usethemaximum
distortion(MD) criterion[2, 4] givenby:

MD � » � r
¼ º ¢½z ¾ £ v ¿ z v �6À.Á Âz v ¿ z vÀ.Á Âz v ¿ z v � (13)

In this way, for MD � » �'ÃI� we have the“openeye” situationand
for MD � » ��Ä%� we have the“closedeye” situation.

Other strategies were also simulatedfor comparingthe per-
formance,namelytheconstantmodulusalgorithm(CMA) with a
transversalfilter, linear predictionfilter usinf 2nd order statistics
andthetraineddecisionfeedbackequalizer(DFE).As a reference
for thelinearstructurestheWienersolution[6] is shown.

An importantpoint to bediscussedis relative to theinitializa-
tion of theNPS-MPEandNPS-CMC.As thegoalof theSOFVA is
to find the“valleys” betweentheGaussianson thepdf of received
signal, the initialization playsan importantrole in this taskonce
that, if theneuronsareinitialized far of thechannelstates,theal-
gorithm will have an ill convergence. In order to solve that, we
initialize a greatnumberof neuronsfor cover all possiblechannel
statesvalues.

Thefirst usedchannelhasthefollowing impulseresponserep-
resentedin the vectorial way » ¢ r)Å ��� � Æ � � Ç>È É and re-



spectstheconditionof “openeye”. Figures4 and5 show theeval-
uationof theDSEfor differentvaluesof SNR.
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Figure 4: Comparisonof DSE for equalizationstrategies using
channelÌ Í - SNR Î>Ï Ð dB.
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Figure 5: Comparisonof DSE for equalizationstrategies using
channelÌ Í - SNR Î%Õ Ð dB.

Onecaneasilyseethat the NPS-CMCoutperformsthe other
strategies,eventhetrainedDFEin thecaseof ahigherSNR.There
isalsoahighsignificantincreaseof performanceby theNPS-CMC
over theNPS-MPE.This importantresultis dueto thefactthatthe
teacher for theNPSin thecaseof theCMC providesanerrorthat
tendsto zero,what is not observed in the NPS-MPEcasewhere
theerrortendsto thealphabetsymbols.Simulationparametersare
givenin Table1.

Thesecondusedchannelis givenby Ì Ö'ÎØ×+Ù Ð Ú ÛÜÐ Ú ÏIÝ Þ
that presentsthe “closed eye” statusand Figures6 and 7 show
theevaluationof theDSEfor differentvaluesof SNR.Simulation
parametersaregivenin Table2.
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Figure 6: Comparisonof DSE for equalizationstrategies using
channelÌ Ö - SNR Î%Ï Ð dB.
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Figure 7: Comparisonof DSE for equalizationstrategies using
channelÌ Ö - SNR ÎIÕ Ð dB.

This casepresentsthe samebehavior thanthe previous one.
Thefactof the“closedeye” doesnotaffect theperformanceof the
NPS-CMC.

The two channelspresentedareminimum phase.For evalu-
atingNMP channelswe have useda channelwith an impulsere-
sponseÌ ç'Ît×FÐ Ú è Ù�é Ð Ú ê Ý Þ . Figure8 shows theevaluation
for thatchannelandsimulationparametersaregivenin Table3.

In this casewe observe no significantgain usingNPS-CMC
insteadof NPS-MPE.Thebehavior of sucha kind of channelsus-
ing only oneinput limits theperformanceof thestructure[4].

BothNPSstrategiespresentsahighercomputationalcomplex-
ity thanthelinearonesdueto thenumberof neuronsandalsothe
combinedlearningstrategy. We have observedthatwe canobtain
anstructurewith asmallernumberof neuronsif weusethelinearly
spacedinitialization for the ë parameters.
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Figure 8: Comparisonof DSE for equalizationstrategies using
channelî ï - SNR ð>ñ ò dB.

5. CONCLUSIONS

In this paperwe have presenteda neuralpredictive structurewith
a combinedlearningstrategy with self-organizedandsupervised
stages.In orderto updatethe linearpart of thestructurewe have
usedtheconstantmoduluscriterion.

Theproposedstrategy outperformsotherequalizationonesfor
minimum phasechannels,consistingof an plausiblealternative
even for trainedDFE strategy. For nonminimumphasechannels
the performanceis not increasedcomparedwith the NPS-MPE,
showing thatthestrategy usingonly oneinput is not goodenough
for everysortof channel.

TheSOFVA algorithmis undermoreinvestigationfor trying
to accelerateit andmake possiblea regularizationof neuronsin
orderto decreasethecomputationalcomplexity.

We alsothink aboutstudyingthe semi-blindstrategiesusing
theNPSstrategieswhich couldleadgoodresults.
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Strategy Parameters

CMA ó ð%ôqõ ö ò ÷ ïFilter: 25 taps
Initialization:ø ðØù5òúõ õ õûòúöüòúõ õ õûò>ý þ

DFE ó	ÿ ðIôqõ ö ò ÷ ï , ó � ð�ö ò ÷
�

Filter: 15 (foward)e 5 (feedback)

Initialization:

�Fø ð��� ð��
LinearPredictor ó	ÿ ð�ö ò ÷ ï , ó AGC ðIö ò ÷ ï

Filter: 25 taps
Initialization:

ø ð��
NPS-MPE

� ðIö ò ÷ � , ó � ðIôqõ ö ò ÷
�
, ó AGC ðIö ò ÷ ï ,� ðIö ò ÷ 	

Numberof neurons:100

Initialization:

��
 � ð�
�� ��� � � �� ð��
NPS-CMC

� ðIö ò ÷ � , ó � ðIôqõ ö ò ÷
�
, ó AGC ðIö ò ÷ ï ,� ðIö ò ÷ 	

Numberof neurons:100

Initialization:

��
 � ð�
�� ��� � � �� ð��
Table 1: Simulationparametersfor channelî � .
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Table 2: Simulationparametersfor channelE F .
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