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ABSTRACT

Theuseof anonlinearstructureof filtering for blind equalizatioris

presentedThe structureneuralnetwork-baseds usedin orderto

provide nonlinearityonthefilter structureandthelearningstrategy

is thendivided in two stages. The Kullback-Leiblerdivergence
is usedasthe basefor the costfunction of a self-olganizedrule

andconstanimoduluscriterionfor the supervisedne. Simulation
resultsillustrate the performanceof the strategyy comparedwith

classicalonesfor adaptve equalization.The resultsshav thatthe
proposedstrategyy outperformsaventrainedDFE for somecasef

channels.

1. INTRODUCTION

It is well known that consideringthe hypothesisof i.i.d. trans-
mitted symbols the taskof equalizationcanbe doneby meansof
prediction[1]. Regardingthe problemof equalizatiorthroughthe
useof predictionasa classificationone someapproachesanbe
deduced?, 3, 4]:

» Equalizationcorrespondsnappingon the input spaceto
constructa classseparatiorsurface;

» Themostsuitablemappingis usually nonlinear(nonmini-
mumphasechannelsase);

» Somechannelscannotbe equalizedby meansof linear
structuressuchas transwersalfilters, using only 2" order
statistics.

Taking in accountthe above-referredcharacteristicthe use
nonlinearity on filter structureinsteadof only in the adaptation
algorithmseemdo beareasonablehoicefor sucha strateyy that
performsequalization Consideringheuseof prediction theprob-
lem of equalizatiorbecomesninterpolationone[4].

Oncethatwe aresearching structureableto performsuchan
interpolationsurface,we have proposedn [3] a predictive equal-
izer neuralnetwork-basedwhich usesa combinedlearningstrat-
egy usingasupervisedlgorithmbasedn minimizationof predic-
tion erroranda self-olganizedalgorithmbasedn minimizationof
Kullback-Leiblerdivergence.This strateyy haspermittedto equal-
ize nonminimumphase(NMP) channelsusingonly 2™ statistics.
This structurenave beencalledNeunal PredictiveStructue (NPS).
Dueto the useof minimizationof predictionerrorthe strateyy is
calledNPSMinimizing PredictionError (NPS-MPE).

Someworks have proposedthe useof a classof costfunc-
tions basedon the minimizationof the constanimoduluscriterion
(CMC) for predictive equalizatiorstratgies[5]. Suchgoodresults
have inspiredusto usethe minimizationof the CMC onthe previ-
ousproposedstructure. This work investigatesand compareghe
novel stratgy, thatwe calledNPSusingConstantéModulusCrite-
rion (NPS-CMC),with otherequalizatiorstratgies,includingthe
NPS-MPE.

Before presentinghe contrikution of this paper we recallin
Section2 thestructureof theNPSunderliningthecombinedearn-
ing stratgy. Section3 presentghe novel stratgy and shaws its
principalsdifferencesrom the NPS-MPE.Simulationresultsare
presentedn Section4 in orderto evaluatethe performancdaced
to otherstratgyies. Finally, our conclusionsare presentedn Sec-
tion 5.

2. RECALLSABOUT THE NPS

Let a(n) arandomvariable(r.v.) dravn from a uniform distribu-
tion, which denoteghe transmittedsymbol,andthe channelwith
impulseresponsgivenby

N-1
F(z)=)_ faz™", (1)
n=0

we can also representit in the vectorial notation f =
[ fo + frnoa ]T. Then, the noiselescchanneloutputsare
thenwrittenas

%(n) = F"a(n), (2)
whereF is the channel corvolution matrix [2, 4] anda(n) =
[ a(n) a(n—1) a(n—N+1) ]*. Thus,the equal-
izerinputsarewritten as:

x(n) = %X(n) + n{n) (3)

wheren(n) is avectorof normalr.v. denotingnoise.
The model of the genericpredictve equalizeris depictedin
Figurel.

Concerningaboutthe problemof prediction,which is related
with theextractionof innovation,we obsene thattheuseof anon-
linear stratgyy allows the useof only one inputfor the predictor it
meanswe predictz(n) throughTn (z(n — 1)), whereTn (-) isa
nonlineartransformatiori3, 4].
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Figure 1. Model of the predictive equalizer

In classificationapproachthis correspondso find a function
ableto implementthe separatiometweerdifferentclassesin dig-
ital communicationclassesre setfrom the transmittedalphabet
[2]. An examplefor binaryalphabeis shavn in Figure2.
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Figure 2. Separatiorsurfacefor binarysignals.

The designof an structurewas basedon the ability of im-
plementinga function like that one representedn Figure 2 as

Y (2(n—1)).

Basedon this modelandon the approactof equalizatiorasa
classificationproblemwe developeda predictive neuralnetwork-
basedor performingequalization.Figure3 depictsthe structure,
where@ = [8; --- 8xr |7 isthebiasof neuronsrector nps(-) is
thesignumfunctionandB = [ 81 --- Bar | is theoutputlinear
coeficientvector

Onceestablishedhe structureto usewe needto definethe
learningstratgyy whichis responsibldor theright corvergenceof
the equalizer As we will shav, we separatedhe learningtaskin
two subtasks

1. Learningof @ parameters;
2. Learningof @ parameters.
whichwill bedescribedn summaryon next subsections.

2.1. Self-Organized Algorithm

It is know that the assumptiorof a linear modelfor the channel
andgaussiamoiseprovidesa mixture of Gaussiansgenteredon
thechannehoiseles®utputs(calledchannelstate$, for theprob-
ability densityfunction (pdf) of therecevedsignal[2, 4]. As de-
pictedin Figure 2 we seethat fasttransitions,for arising at the

right function, areplacedbetweerthe Gaussian®f the pdf of re-
ceived signal. For thefirst partof learningof NPSis how to find
those“valleys” which arerelatedto the neuronsbias.

Thus,thinking aboutthe measur®f similaritiesbetweerfunc-
tions we ariseat the Kullback-Leiblerdivergencecost function,
whichis well known in informationtheoryfield for measuringim-
ilarities betweertwo positive definedfunctions.So,we have used
thefunction|z—8;| to measurasimilaritieswith thepdf of receved
signal. Thisis a self-oiganizedalgorithmoncethe neuralnetwork
doesnotneedary teaderandis akind of a Anti-Hebbianrule [7].
We calledthis algorithmSOF\A (Self-Oganizedfor Finding Val-
leys Algorithmg, andfor further informationaboutdeducingthe
algorithmsee[3, 4]. Thecostfunctionis thengivenby:

Jsora(0) = —E{ln (jz — 0])}, (4)

wherex is aterminsertedo guarante¢hatthefunctionis positive
defined. The stochastigyradientof the algorithmfor updating®
parameterss in theform
_sgn(z(n—1) —0(n))

|z(n—1) — 8(n)| + & (5)
O(n+1)=0(n) — X\ VJsora(8),

VJsorn(0) =

where is theconvergencestepsize.

2.2. Supervised Algorithm

For theoptimizationof the@ parametersye have chosera classi-
cal LMS algorithmfor prediction,the minimizationof prediction
errorthat correspondso a whiteningprocesson predictoroutput
[6]. Namingthis algorithmassupervisedye arereferencingthe
neuralnetwork, that hasa teader (the predictionerror) and not
theequalizeronceit is self-adaptedor blind).
Than,costfunctionfor the supervisedlgorithmis

Jsup-wrelB) = E {|ep(n)|?} (6)
andthe stochasticzersionof the adaptatioralgorithmis givenby:
ep(n) = z(n) — ¢ (z(n - 1),0(n), B(n — 1))

VJsup-wpB) = ep(n) - r(n) ™
B(n +1) = B(n) + p - VJsup-vre B)

where(-) is thefunctionimplementedy the NPS, 4 is thecon-
vergencestepfactorandr(n) = [ri(n) --- ra(n) |* arethe
neuronsoutputs(seeFigure3).

Then,the costfunctionfor the NPS-MPEis
JInps-mre(8, B) = Jsup-mpe(B) + Jsora (9)

8
Jupswupe(8, B) = E {|ex(n)|*} —E{In(|z — 6])} ®

3. STRATEGY NPS-CMC

Inspiredby the goodresultsin [5] thatprovide fastercorvergence
for predictive equalizerausingthe CMC thanotherstrateies,we
have investigatedhe useof anothercriterionfor optimizingthe 8

coeficients.

For the NPS-CMCthecostfunctionfor thesupervisegartis

Jsup-cmdB) =]E{(|y(k)|2 —R2)2}, 9)
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Figure 3: NeuralPredictve Structure(NPS).

E{|a*(%)
E{|a2()| }
acorrespondingtochasticversiongiven by:

ep(n) = z(n) — ¢ (z(n — 1),0(n), B(n — 1))
VJsup-ondB) = g - ep(n) - (B2 — |g - ep(n)|?) (10)
B(n+1) = B(n) + p - r(n)VJsurcuc(B)

whereg is the automaticgain control (AGC) which is adaptedoy
thealgorithm[1],

G(n+1) = G(n) + peas - (o2 — |y(n)|?)
g(n) = VIG(n)],

wheretheinitializationis G(0) = g(0) = 1.

whereR; = is theequalizatiorradius Equation9 has

(11)

Thenthe NPS-CMCstratagyy is summarizedy the following
equation:

J(8,8) = Jsup-cmc(B) + Jsorw (0)

\ 12
7(60,0) =E{ (s’ - R,)*} ~Efin (o —op}. 2

4. SIMULATION RESULTS

Simulationsweredonein orderto comparehe performancef the
proposecdhonlinearstratgy with otherequalizatiorones.To eval-
uatethem,we have simulatedbver 100Monte-Carlatrialsthedeci-
sionsquarecerror (DSE), ((Ded(y(n)) — y(n))?), whereDec()

is the decisiondevice, for a signal-to-noiseatio (SNR) definedin
o2 Nil |£il%2+o
dB asSNR = 10.log;o | —=25——

a-n

) whereo?2 ando?

are the power of transmittedsymbolsand noiserespectiely. In
orderto smooththe curveswe have applieda lowpassfilter with
we =1072,

In orderto definethe statusof the channeljt meansf it is in
the“openeye” or “closedeye” situation,we will usethemaximum
distortion(MD) criterion[2, 4] givenby:

N-1
2 | fel — max | fl
MD(f) = +=°

macx [ )

In thisway, for MD(f) < 1 we have the“openeye” situationand
for MD(f) > 1 we have the“closedeye” situation.

Other stratgies were also simulatedfor comparingthe per
formance namelythe constantmodulusalgorithm (CMA) with a
trans\ersalfilter, linear predictionfilter usinf 2" order statistics
andthetraineddecisionfeedbaclequalize{DFE). As areference
for thelinear structuregshe Wienersolution[6] is shavn.

An importantpointto bediscusseds relative to theinitializa-
tion of theNPS-MPEandNPS-CMC .As thegoalof the SOF\A is
to find the “valleys” betweerthe Gaussiangn the pdf of receved
signal, the initialization playsanimportantrole in this taskonce
that, if the neuronsareinitialized far of the channekstatesthe al-
gorithm will have anill convergence. In orderto solwe that, we
initialize a greathumberof neurongor cover all possiblechannel
statesvalues.

Thefirst usedchannehasthefollowing impulseresponseep-
resentedn the vectorialway fi = [ 1 0.6 0.2 ]T andre-



spectgheconditionof “openeye”. Figures4 and5 shaw the eval-
uationof the DSEfor differentvaluesof SNR.
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Figure 4: Comparisonof DSE for equalizationstrateyies using
channelf; - SNR= 40dB.
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Figure 5: Comparisonof DSE for equalizationstratgies using
channelf; - SNR= 20dB.

Onecaneasilyseethatthe NPS-CMCoutperformshe other
stratgies,eventhetrainedDFE in thecaseof ahigherSNR.There
isalsoahighsignificantincreasef performancdy theNPS-CMC
overtheNPS-MPE Thisimportantresultis dueto thefactthatthe
teader for the NPSin the caseof the CMC providesanerrorthat
tendsto zero,whatis not obsered in the NPS-MPEcasewhere
theerrortendsto thealphabesymbols.Simulationparameterare
givenin Tablel.

Thesecondisedchannelsgivenbyf = [ 1 0.8 0.4 ]T
that presentghe “closed eye” statusand Figures6 and 7 shaw
the evaluationof the DSEfor differentvaluesof SNR. Simulation
parametersregivenin Table2.
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Figure 6: Comparisonof DSE for equalizationstratgies using
channelf; - SNR= 40dB.
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Figure 7: Comparisonof DSE for equalizationstrateies using
channelf; - SNR= 20dB.

This casepresentghe samebehaior thanthe previous one.
Thefactof the“closedeye” doesnotaffectthe performancef the
NPS-CMC.

The two channelspresentedare minimum phase. For evalu-
ating NMP channelsve have useda channelwith animpulsere-
sponsefs = [ 0.5 1 —0.6 ]”. Figure8 shavstheevaluation
for thatchannelndsimulationparameteraregivenin Table3.

In this casewe obsene no significantgain usingNPS-CMC
insteadof NPS-MPE Thebehaior of suchakind of channelsis-
ing only oneinputlimits the performancef the structure{4].

Both NPSstratgiespresents highercomputationatomple-
ity thanthelinearonesdueto the numberof neuronsandalsothe
combinedearningstratgy. We have obseredthatwe canobtain
anstructurewith asmallemumberof neuronsf we usethelinearly
spacednitialization for the @ parameters.
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Figure 8: Comparisonof DSE for equalizationstratejies using
channeffs - SNR = 40dB.

5. CONCLUSIONS

In this paperwe have presented neuralpredictive structurewith
a combinedlearningstrateyy with self-olganizedand supervised
stages.In orderto updatethe linear part of the structurewe have
usedthe constanmoduluscriterion.

Theproposedstratgy outperformstherequalizatioronesfor
minimum phasechannels,consistingof an plausiblealternatve
even for trainedDFE stratgly. For nonminimumphasechannels
the performancds not increasedcomparedwith the NPS-MPE,
shawing thatthe strategy usingonly oneinputis notgoodenough
for every sortof channel.

The SOF\A algorithmis undermoreinvestigationfor trying
to acceleratét and male possiblea regularizationof neuronsin
orderto decreas¢he computationatompleity.

We alsothink aboutstudyingthe semi-blindstrategjies using
the NPSstrategyieswhich couldleadgoodresults.
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Strategy Parameters
p=>5-1073
CMA FiI_t(_ar:_25_taps
Initialization: .
h=[() ... 0010 - 0]
pr=5-10"2pg =107
DEE Filter: 15(foward)e5h(f2e(<)jback)
Initialization: {
d=0

Linear Predictor

pr = 1073, pace = 1073
Filter: 25taps
Initialization: h =0

A=10"% pg =5-107%, pacc = 1073,

k=10""
NPS-MPE Numberof neurons:100
L 0; =U[-2,2]
Initialization:
B=0
A=10"% pg =5-107%, pacc = 1073,
k=10""
NPS-CMC Numberof neurons:100
o 0; = U[-2,2]
Initialization:
B=0

Table 1: Simulationparameter$or channelff;.




Strategy Parameters
pu=3-1073
CMA FiI_t(_ar:'ZSFaps
Initialization: .
h=[() ... 01 0 - 0]
pr=5-1072 pg =10"*
DEE Filter: 15 (foward) e 5 (feedback)

Initialization: N
d=0

Linear Predictor

pr = 1073, ipcc = 1073
Filter: 25taps
Initialization: h = 0

A=10"% pg =5-107%, pacc = 1073,

£=10""
NPS-MPE Numberof neurons:100
o 0; = U[-2,2]
Initialization:
B=0
A=10"% pg =5-10"%, pacc = 1073,
k=10"7
NPS-CMC Numberof neurons:100
L 0; =U[-2,2]
Initialization:
B=0

Table 2: Simulationparameter$or channelf,.

Strategy

Parameters

CMA

pu=5-1073
Filter: 25taps
Initialization:

h=[0 - 010 - 0]"

DFE

pr=5-1072 pg =104
Filter: 25 (foward) e 5 (feedback)
h=0

Initialization:
{d=0

NPS-MPE

A=10"% pg =5-10"%, pacc = 1073,
£=10""
Numberof neurons:100
6; = U[-2.5,2.5]

Initialization:
B=0

NPS-CMC

A=10"% pg =5-107%, pacc = 1073,
k=107
Numberof neurons:100
6; = U[-2.5,2.5]

Initialization:
{60

Table 3:

Simulationparameterfor channeffs.




