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Abstract:0Nowadayslpracticallsolutionsloflengineeringlproblemslinvolvellmodel-integrated
computing.l Modell basedl approachesi offerl al veryl challengingl wayltollintegratel al priori
knowledgell intoll thell procedure.l Fuzzyl andl neurall networkll based] modelsil canll also
successfullylbelappliedlinicaseslofthighlylnonlinearlproblems,IwherelonlyIpartial luncertain
and/oflinaccurateldatalislavailable.1Although,levenltheirluselisUlimitedibylthelexponentially
increasingl computationall complexity.0 Inl thisl paper thel applicabilityl ofl (Higherl Order)
Singulanl Valuell Decompositionll basedl Soffl Computationall modelsl is0 analyzed] withl an
extensionltowardslanytimelusage.

Keywords:Danytimelsystems,fuzzylmodeling,Nfuzzylcontrol,0singulalvalueldecomposition,
higher-orderltensoridecomposition,icomplexitylreduction

1 Introduction

Nowadayslpracticallsolutionslofllengineeringlproblemslinvolvel model-integrated
computing.[Thislintegrationimeansithatlthelavailablelknowledgellisirepresentedinla
properfformiandlactslaslanlactivelcomponentloflthelprocedureli(computerlprogram)
tolbellexecutedl duringlltheloperationl ofl thel measuringlandl control,letc.0devices.
Thus,Imodellbasedlapproacheslofferlalverylchallenginglwayltolintegratelalpriori
knowledgellintolthellprocedure.

"0 Thisl workl wasl sponsoredl byl thel Hungarianll Fundi forQl Scientificl Researchl (OTKAI'T
035190)




InOcaseloflillinearlproblemslverylwelllestablisheddmethodslarelavailablelandlthey
arell successfullyl combinedl withl adaptivel techniquesl tol providel optimum
performance.Nonlinearftechniques,Thowever,larelfarlfifromithisimaturity.0Therelisla
widelvarietyloflpossiblelmodelsitolbelappliedibasedlionlbothlclassicallmethodsi[ 1]
andlrecentl advanceslinl handlinglinformationd [2]0 butupD tilll nowl practicallyl no
systematiclmethodlwaslavailableIwhichlcouldlbeloffereditolsolvelallargerlfamily
ofiinonlinearflengineeringlproblems.0TheleffortslondthelfieldsloflifuzzylandIneural
networkl(NN)Imodelinglandlcontrollseemltolresultlinlalreallbreakthroughlinlthis
respectl (seele.g.0[3]).0 Thesel techniquesl canl bel appliedl evenl ind casesl whenlno
analyticallknowledgellislavailablelaboutlthelsystem,[thellinformationlisfuncertainlor
inaccurate,JorlwhenlthelavailablelmathematicallformlisitoolcomplexOtolbelused.
Although,l thell usell ofll fuzzyll andd NNI modelsl is0 limitedd byl theirll exponentially
increasinglcomplexitylandiwelcanleasilylgetlintoltroublelwhenlthelproblemlisivery
complexIwithlprobablylllargelnumberloflparametersiespeciallyl whenlonlylpartial
andluncertainimeasuredidatalisfavailablefaboutlthelsystemltolbelmodeled.

Singularll Valuell Decompositionl (SVD)ltechniquel hasl successfullyl beenl usedl to
reducelithelcomplexitylofllallargelfamilyloflsystemsIbasedlonlbothiclassicallandlsoft
techniquesi[4].0AnlimportantladvantagelofiithelS VDIreductiondtechniquelisithatlit
offerslalformalimeasureltolfilterloutithelredundancyl(exactlreduction)landlalsolthe
weaklylcontributingdpartsd(non-exactireduction).l ThislimpliesO thatl thel degreell of
reductionl canl bel appliedl accordingl tol thel maximuml acceptablel error
correspondingll toll thell temporall circumstances.0 Inl casell ofl multi-dimensional
problems,ithelSVDitechniquelcanibeldefinedlinlaltensorlproductiform,li.e.fHigher
OrderISVDI(HOS VD)icanbelapplied.

SVDI isl seriousl candidatel tol overcomel thell complexityll problemsD arisingl in
modelingll ofl complexl systemsl wherell well havel anl analyticall descriptionl ofll the
system,Iwhichlisitoolcomplicateditolbelhandledlorllifliwelhavelalsystemlrepresented
byllinput-outputlsamplellpairs.dInitheselcasesiwelcanlbuildlalmodellapproximating
thellsystemlusingllocall (linear)l models.0 Suchltechniqueslincludel Takagi-Sugeno
(TS)0fuzzyl modellapproximationd [5]0orll polytopicl modellapproximationl (PMA).
Theselmethodslhaveltheoreticallylaluniversallapproximationproperty,tThowever,lit
canl notl bel reallyll exploitedl becausel theyll havell anll exponentiallyl increasing
complexitylgrowingliwithithelnumberloflparameters.IThisImeansithatliflithelnumber
offithellocallunitsfisiboundedithenlthelbuiltimodellwilllonlylbelanlapproximationlof
thelloriginallsystem.l'Thus,0welhaveltolfindlalbalancelbetweenlthelcomputational
complexitylandithellaccuracy.lOnlthelotherlhand, Jafterlensuringlaineededlorligiven
accuracy,IwhichImaymean(thelapplicationloflalhugelnumberlofllocallmodels,ithe
computationallcomplexityllcandbelreducedibyllapplyingisomelkindloflexactlorinon-
exactlcomplexitylreductionmethodllikeISVD.

Al furtherd reasonl forll dealingll withl sol calledl softl computationall modell based
techniquesl is0 thatl inll computer-basedl monitoringll andl diagnosticl systems[ the
operationsishouldibelperformediunderprescribediresponseltimelconditions.[lislan
obviousirequirementltolprovidelenoughlcomputationallpowerlbutlthelachievable
processinglspeedlisthighlyllinfluencedibylthellprecedence,Otiming landldatalaccess
conditionsloflithelprocessingflitself.0Itlseemsitolbelunavoidablelevenlinithellcasellof
extremelyl carefulll designl tol getlintol situationsd wherel thell shortagel ofl necessary



datall and/orl processingll timell becomesl serious.0 Suchl situationsd mayl resultd inl a
criticallbreakdownloflithelmonitoringland/orlldiagnosticlsystemsi[6].0Thelconcept
ofll*“anytime”processing(triesitolhandlelthelcaseloflitoolmanylabruptichangesland
theirllconsequenceslinllargerlscalelembeddedlsystemsl[ 7].0Thellidealisthatliflthere
islaltemporallshortageloflcomputationallpowerlland/orltherellislallossloflsomeldata
thellactualloperationsishouldlbelcontinueditolmaintainltheloveralllperformancel*at
lowerllprice” li.e. Jinformationlprocessinglbasedlonlalgorithmsland/orlmodelsl of
simplerlcomplexityllshouldlprovideloutputsloflacceptablelqualityltolcontinuelthe
operationl ofll thell completel system.0 Thell accuracyll ofll thell processingll willl be
temporarilyl lowerl butl possiblyl stilll enoughl tol producel datal forll qualitative
evaluationsl andl supportingl decisions.l Consequentlyl “anytime”l processing
provideslshortl responsel timel andlisl veryl flexiblel withd respectl tol thel available
inputlinformationdandicomputationallpower.

Thel noveltyl ofll thell paperl isD thatll it proposesl al uniform0 framell for{l all familyl of
modelingllimethodsIbasedlondsoftlcomputingitechniquesitogetherlwithlanlanytime
extension.l Thisl results] inl lowl (optimall orl nearlyl optimal)l computational
complexity,] easyl realization,l robustness, all possibilityll tol maintainl continuous
operation,JanditolcopelwithlthellimitsfarisingllinOthelsystemlorlinlitslenvironment.
Furthermore,Jthelaccuracyllcanlalsoleasilylandlflexiblyllincreasedlandl welldoInot
needlanylalpriorillorlexpertlknowledgelaboutlthelsystemitolbelmodeled.ltIcanlbe
usedleitherlwhenlalmathematicalldescriptionl(possiblyltoolcomplexitodbelhandled)
orl whenllonlyll (possiblyl partial linaccurate,l andl uncertain)l measurementl datallis
available.

Thell paperllisll organizedl asl follows:0in0 thell firstd sectionl thell generalizedl ideal of
anytimelprocessingllislintroduced,Iwhilelinlthelsecondithelbasicsloflsingularlvalue
decompositionl arell summarized.l Sectionl threel isl devotedd tol thel complexity
reductionl ofl modelsl basedd onll soft] computingll techniques.O Ind thell nextd section
Takagi-Sugenolfuzzylmodellapproximationlisibrieflyldiscussediwhichlisifollowed
byftwolsectionsiwithlthelideasloflanytimelmodelinglandianytimelcontrol.

2 Anytimelprocessing

Todayftherelislanlincreasinginumberfoflapplicationsiwherelithelcomputingimustlbe
carriedl outd on-line,ll withl all guaranteedD responsel timell andll limitedl resources.
Moreover,l thell availablel timell andl resourcesl arell notl onlyll limitedd butd canl also
changelduringlitheloperationloflthelsystem.

Goodl examplesl arell thel modernl computer-basedd diagnosticsll andl monitoring
systems,Iwhichlarelableltolsuperviselcomplexlindustriallprocesseslandldetermine
appropriatelactionsllinlcaseloflfailureslorlldeviationdfromItheloptimalloperational
mode.lnltheselsystems,IforltheldiagnosisiusuallylthelmodelloflithelfaultlessIsystem
isdusediandOthelevaluationloflithelmodelimustibelcarriedloutlon-line,Othusithelmodel
mustinotlonlylbelcorrect,Ibutlalsoltreatablelbylthellimitediresourcesiduringllimited
time.IMoreover,liflsomelabnormalityloccurslinlthelsystem’sIbehavior,Jsomelkind
ofifaultldiagnosticltaskl shouldlalsolbellcompletedd meaning(ithelreallocationlofla



partlofiithelfinitelresourcesifromlthelevaluationlofithelsystemImodelltolthistask.
Alsollinlcaseloflanfalarmisignal, llowerlresponseltimelmaylbelneeded.

Inl thesel cases, thell so-calledl anytimel algorithms0 andd systems( [8]0 canl bel used
advantageously,l whichl arell ablell tol providell guaranteedl responsell timell andl are
flexiblellindrespectlitolthelavailablellinputidata,itime,Janddcomputationallpower.0This
flexibilitylmakeslableltheselsystemsItolworklinlchanginglcircumstancesIwithout
criticall breakdownsD inl thell performance.l Naturally,l whilel thel information
processinglcandbelmaintained,IthelcomplexitylmustIbelreduced,Ithusithelresultsiof
thelcomputinglbecomellesslaccuratel[9].
Thellalgorithms/computingdmethods,0whichlarelsuitablelforlanytimelusagelhavelto
fulfillithelfollowinglexpectations:

o Lowlcomplexity:0forlthel optimizedl behaviorl thel resultsl mustl bell produced
withlasOlittlelcomputinglasIpossible,li.e.Othelredundantlcalculationsimustlbe
omitted.

o] Changeable,Jguaranteedlresponseltime/computationallneedlandlaccuracy:Othe
achievablell accuracyll ofl thel resultsl andl thel necessaryll amountl ofl computing
time/resourcesimustibelflexiblylchangeablelandiusuallylknownlindadvance.

ol Knownlerror:Othelerror,JoriginatinglfromIthelnecessarylmodell“fitting’l(e.g.
complexitylreductionliresultingllininon-exactlsolutions)Imustlalsolbelknown,[ito
belableltolfindltheloptimallorllatlleastlstilllacceptablelsolutionlind thel given
circumstances,landltolbelableltolcomputelthelresultantlerrorlofltheloutputs.

Iterativell algorithmsl arell popularl toolsD inl anytimell systems,] becausel their
complexityl canl bell easilyl andl flexiblyll changed.l Thesell algorithmsl alwaysl give
somel-Inotlaccuratel-Oresult,Janddmorelandimorelaccuratelresultsicanibelobtained,
ifll thel calculationsl arell continued.l AD furtherll advantageousl aspectl ofll iterative
algorithmsl is0 thatl well don’t0 havel tol knowl thel time/resource-needl ofll all certain
configurationlinladvance,Jthellcalculationslcanlbelcontinuedluntillthelresultslare
needed.IThendbylsimplylstoppinglthelcalculations,lalwayslindthelgivenlconditions
achievableImostlaccuratellresultslarelobtained.
Unfortunately,Ithelusabilityloflliterativelalgorithmslisllimited.fWhileltherellislalwide
rangell ofll problems,] whichl canll bell solvedl byl iterativel algorithms,l adequate
evaluationimethodslcanlnotllalwaysbellfound.INotlonlylthelexistenceloflisomelkind
ofll iterativell evaluationll method0 canll bell all problem,] evenll morell frequentlyl the
accuracyloflithellresultsllislTunknown:0wellonlylknow,Ithatlthelalgorithmlgivesimore
andl morel accuratel results,] butl well dol notl know,0 howll muchl timell isl needed0 to
achievelalgivenlaccuracyllorflwhatlwilllbelthelrateloflerrorflifithelcalculationslare
stoppedlatlalgivenlpoint.

Besidesl thel iterativel algorithms,] all wide-rangell ofll otherll typesl ofl computing
methods/algorithmsl canl bell appliedl inl anytimel systems,l asd well,lifll al modular
architecturell (Fig.0 1.)0is0usedd [10].0 Thel applicabilityl ofll thisl techniquel isI more
generall withl all burdenl ofll lowerl flexibilityl andl itl needsD extral planningll and
considerations.
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Fig.0l .IAnytimelsystemiwithImodularflarchitecture

Usingll thisd latterl solution,0 eachl modulel ofll thel systeml offersl several
implementationsl (characterizedl byl differentl attribute-values) forll all certainl task.
Thel unitsl withinl al givenl modulel havell uniformi interfacel (samel setl ofll inputs,
output,Jandlsolvelthel samelproblem)Ibutldifferlinl theirflcomputationallneedland
accuracy.lAtlalgiventime, Jindthelknowledgelofltheltemporallconditionsl(tasks0to
complete,Jachievableltime/resources,Ineededlaccuracy,letc.)lanlexpertlsystemlcan
chooseltheladequatellconfiguration,li.e.0thelunits,0whichIwilllbelused.0 Thisimeans
thelloptimizationloflthelwholelsystemlinsteadlofllindividuallmodules,li.e.0inlsome
caseslitlcanlbelmorelladvantageousltolreducelthelcomputationallcomplexityland
accuracylofisomelpartslofithelsystemslandirearrangelthelresourcesitolanlother,lat
thelmomentimorelimportantltask.

Although,l thell units implementing(l all certainll taskll mayl havel differentd internal
structure,Jfromlseverallpointlofllviewl(seele.g.0[ 10])litlisladvantageousDifitheylare
builtlofisimilarlstructure.0IndthisOcaseltheladaptationdorichangelbetweenlthelunits
meanslonlylthelchangeloflsomelparameterset.

3 SingulariValuelDecomposition

ThelSVD-basedlcomplexitylreductionlalgorithmlisIbasedlonltheldecompositiondof
thelFImatrix:

T
Finyxny) = Almxny) By AZ,(nl xny) ] (1)



wherellAJarellorthogonallmatrixesl( A AkT = E ),landiBlcontainsithell ﬂ., Osingular

valueslofll Fllinddecreasingllorder.0 Thelmaximuminumberlofithelnonzerolsingular
valuesllisl ngyp = min(ny,n, ) [Thelsingularlvaluesllindicatelthelsignificanceloflithe

correspondinglcolumnslofiA . .OLetltheImatricesibelpartitionedlindthelfollowinglway:

Br
A =|A7 Al andl B, =| "

k(moxn,) Sk (ngxng) ;00 wherell r

d
O B(wy=n, x(m-n,))
denotesIreduced’landln, <ngyp, .
Ifl B0 containsd onlyl zerol singulardl valuesl then B0 andd A,‘f 0 canll bell dropped:
F=A{B rAer .0 Ifl B0 containsd nonzeroll singularl values,] asll well,0 thenll the

F'= Al B” AT imatrixTislonlylanlapproximationlofiFlandlthemaximalldifference
betweenlthellvaluesloflFlandlF [ 11]:

D

Ny,
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ForlhigherflorderllcasesiHigherlOrderlS VDI(HOS VD)icanbelappliedlindalsimilar
wayl(seelle.g.[12]).
Herelwelhaveltolremark{thatlifiS V Dlislappliedtoladtwoldimensionallmatrixthentlit
canll bell provedd thatl thell resultingd matrix0 ofll lowerl rankl willl bell thel best
approximationlofltheloriginallmatrixlinlleast-squaresIsensel (i.e.0thelreductionlis
“optimal”).0Although,liflHOS VDlislappliedithenlthelminimumlpropertyldoesinot
holdlanymore.IWellcanlstateJonlylthatlthel*‘significant”Isingularlvaluesdwilllhave
thel lowerlindices,l howeverl inl mostl casesl ifll therel isl all considerablel difference
amonglthelsingularlivalueslitiresultslindanlapproximationiwhichlisOverylnearitolthe
possiblelbestlone.

4 ExactlandINon-ExactlComplexitylReductionlof
NeuralNetworklandFuzzylModelsiBasedlonISVD

BVDI basedl complexityl reductiond canll bell appliedl tol variousl typesl ofll soft
computationall systems.0 Here,l asl examplesl thel complexityl reductionl ofll the
product-sum-gravityl fuzzyl systemsl withl singletonl consequentsl (PSGS)I andl the
reductionlofiigeneralizedineuralinetworksi(GNN)Iwilllbelpresented.



d.1 Reductionloftifuzzylrule-basesiwithISVD

Considerlalfuzzylirulelbaselwithitwolinputs,IwherelthelantecedentIfuzzylsetslarelin
Ruspini-partitionfandithelconsequencelfuzzylsetslarelsingletons.0Solthelruleslare:

OR; ; :0If0 x, Ois0 A, ; Cand0x, [isD A, ;Othenly =y, ; [Owhereli = L...n;landl j = 1...n, .
a
Thelfuzzyficationlmethodlislsingletonlandlduringithelinference,dproductlT-norm
andl suml S-norm( arel used.00 Thel resultd ofll thell fuzzyll inferencell in0 casel ofll the
(xf , x;) linputlvaluesiwilllbe:

a

0 y = = Yipiy My, (X1 Ha, (X2 - 3

a
LetlFbelalmatrix,Ocontaininglithell y; j Oelements,lthenlapplylthelabovelmentioned

proceduresl toll obtainl F = F'= A; BAZT 0 wherel A0 andl A, 0 arel SNO (Sum-

Normalized:0thelsumlofileachlrowlequalsitolone)landINNI(Non-Negative).0Then
thellnewlirule-baselwilllbe:
0

DR'i,j g1l bl xl disd Avl,i Dandl]X2 fis0 AVZ,]‘ Othend y = y'i,j 5
0
Whereli = L..njy Jj=1..ny 0y"; ; larelthelelementsofllB,Jandlthelnewlimembership

functionslcanlbelobtainedas:
0

0 ,UA',”.(Xk)ZZﬂAkj(xk)Ak,j,i , 0 4)
: 7 A

a
Wherel A, ; ; lislthelj,i)thlelementlofl A, .

Thelreducedirule-baselcontainslonlyl n ,2 Oruleslinsteaddoflln; *niruleslandithelerror

canlbelestimatedlfromtheldiscardedlsingularfivalues.
Thelmethodlcanibelextendedltolr-dimensionlcasesibylapplyinglHOSVD.
PSGSIfuzzylsystemsicanlbelevaluatedliterative-typelinfanytimelsystems.[Thelproof
andlthellnecessaryltransformationlisidescribedlini[ 17].

4.2 ReductionlofineuralinetworksiwithiISVD

Thell classicalll multi-layerll neurall network canl bell generalized,l ifll thell non-linear
transferlfunctionslarelmovedifromithelnodeslintolthellinks.0ItIresultslindneurons
thatd applyll onlyl all suml operationl toll thell inputl values,] andD links thatl are
characterizedll byl possiblyll non-linearll weightingll functions,l insteadl ofll simple
constantlweights.



Letlusifocuslonltwolneighbouringllayersi/Iandl/+10oflalforwardlmodel.0Letlthe
neuronsibeldenotedlasi v, ; 0i = 1..n; linllayerll,0wherell n; Oislthelnumberloflineurons.

Further,[ letl inputl valuesl ofll Ny 0bell xpik 0 k=140 andlits0 outputl y 1,i 0 The
connectionlbetweenllayersl/landl/+10canibeldefinedibylthel f15.i00) Oweighting
functionsl( j =1..n;41).0Thus

a

0 X417, = 1,500 0 (%)

a
Therefore,(theloutputlofineuronll Ny 4 1, j Iwilllbe

a

ny
0 Yi+l,j = 2 f1,5,i i) - 0 (6)
i=1

a

Thell weightingl functionslcanlalsollbellchangedlduringltheltraining:0thelunknown
weightingl functionslarellapproximatedd withllinearlyl combinedl knownl functions,
wherelonlyl thell linearl combination must bell trained.0 Forll thisl approximationl the
aboveldescribedIPSGS[Ifuzzylsystemslicanlbelused,iwithlonelinputlandlioneloutput:

a

n ml'i

n
0 Vs = Zifl,j,i (y) = Zi Z‘ilul,i,t i)y jis 0 (N
i= i=lt=

a

Tolreducel thelsizel ofll all generalisedl neurall networkl thel SVD-basedl complexity
reductionlcanlbelused.0Eq.0(7)Icanlalwaysibeltransformedlintolthelfollowingliform:
a

r r
My oy

a Vislj = Z:lal,j,zz‘i lelulii,z(yl,i )blr,z,i,z @)
7= i=11=

a
Wherel“r’Idenotesl‘reduced” ffurtherl nlr +1 Sny410andlVi: mlr sSmy .

Thelreducedlformlisirepresentedl asl al neurall networkl withl anlextralinnerllayer
betweenl layersl /I andl /+ /.0 Betweenl thell originall layerl /0 andd thel newl layerl the
weightinglifunctionslarellapproximatedifromlthelreducedIPSGSIfuzzylsystems,land
layerl/+1.0simplylcomputesthel weightedlsumi( @, ; . Jlofitheloutputsloflthelnew

layer.
Thelreductionlmeansithelreductionlloflithell B = [b L ] Othree-dimensionallmatrix

byl usingl HOSVD.[ Thell maximall errorl ofll thel resultingll neuralll network( canll be
computedifromltheldiscardedlsingularfivaluesl[ 13],0[14].



5 Takagi-SugenolFuzzyIModellA pproximation

Takagi-Sugenol (TS)I fuzzyl modelingll is0 all techniquell tol describel all nonlinear
dynamicl systeml usingllocalllinearizedl modelsl [5].0 Thelidealisl thatd thel system
dynamicslis0 capturedd byl al setl ofll fuzzyl implications,] whichl characterizell local
regionsl ind thel statel space.l Thel overalll fuzzyl modelli.e.0 thell descriptionl ofl the
wholelsystemlislachievedlbylthelconvexlcombinationl-Ifuzzylblendingl—Joflithe
linearfimodels.0IThelcombinationllisfusuallyldefinedibylanlarraylofllocallmodelsiand
thelltensorllproductloflibasisIfunctions,Jwhichlexpressithellocalldominanceloflithe
locallmodels.0UsinglthelT Sfuzzylmodellapproximation,ithellcontrollerldesignland
Lyapunovi stabilityl analysisl reducesl toll solvingQ thell Linearll Matrixl Inequalities
(LMlIs)Iproblem.

TS0 fuzzyl modelingl techniquel canl bell usedl bothl ifl well havell anl analytical
descriptionloflithellsystem,lli.e.OthelsystemlisIgivenle.g.0byldifferentiallequationsior
iffonlylinput-outputlsamplesfarelgiven,ithusiwelmakelalblack-boxImodeling.lInfthe
firstlcaselwelareltolsamplelthelsystemloverlalrectangularlhyper-grid,Jwhichlleads
tolalsimilariproblemlasiblack-boxOmodeling,lacceptithatlindthislcaselthelsamples,
i.e.Ithelapproximationdpointsicanldirectlylservelasllinearlmodels,Iwhilelinlthellatter
casellwelhaveltollevaluatelalLagrangelinterpolationltoladaptithellocall modelslto
forceltheloveralllmodeltolcopylthelbehaviorlofithelsystemlinlthelsamplinglpoints.
TSCfuzzylmodelslareltheoreticallyluniversallapproximators.IDespitelthisladvantage
theirl usel isl practicallyl limited,0 becausel theirll computationall complexityl grows
exponentiallyl withd thel numberl ofll parametersl andl thell universall approximation
propertyldoesn’ ttholdLiflthelnumberloflantecedentlsetslarellimitedd] 1 5].0Thus,liflwe
wantlltoll getl all goodl approximationl wellusuallylhavel tol applyl al highl numberil of
antecedentl fuzzyl setsl withl all burdenl ofll possiblyl unmanageablell complexity.
Consequently,l methodsl helpingl toll findl thel minimuml numberl ofl necessary
buildinglunitsfitolalgivenlaccuracylarelhighlyldesirable.

SVDI(orlTHOS VD)lislanlexcellentltoollforlithelabovelpurpose.llticaninotlonlylbe
used0tolfilterloutlthelredundancylofllalsystem.0 Thelsingularlvaluesicanlbelapplied
forlitheDdecompositiondoflthelsystem,Jaslwelllandltheylindicateltheldegreeloflthe
significancellofitheldecomposedlparts,li.e.lindwhichlextentltheylcontributeltolthe
outputloflitheloveralllsystem.0Thus,lifllitlisInecessarylorlad vantageousiwelcanlapply
all furtherll non-exactl reductionl] toll decreasell thell computationall complexityl by
truncatinglithelmodel,li.e.Ibyldiscardinglthelweaklylcontributinglpartsitolfindithe
tradelofflbetweenlcomputationallcomplexitylandlaccuracy.

6 AnytimeIModeling:IComplexitylReductionland
ImprovingithelA pproximation

WithlthelhelplofithelSVD-basedireductionlnotlonlylthelredundancyloflthelrule-
basesl(orlneuralnets)lcanlbelremoved,Ibutlfurtherlreductionlicanlalsolbelobtained,
consideringlithelallowablelerror.0 This0latterlcanibeldownladaptivelyllaccordinglito



theltemporallconditions,ithuslofferinglalwayltoluselsoftlcomputational li.e.lfuzzy
andlgeneralizedIneuralinetwork(NN)IbasedImodelslinfanytimelsystems.
Thellmethodlalsol offersiall wayl forlimprovingllthel modellifl laterll onl wel getlinto
possessionl ofll newll information (approximationl points)l orll morel resources.] An
algorithm0 canl bell suggestedl whichl findsl thel commonl minimall implementation
spacel ofll thell compressed0 originall andl thell newl approximationl points,l thusl the
complexityl willlnotlexploitlasl wellincludel newl informationdintol thel modell (for
moreldetailsiseel[ 16]).0Theseltwoltechniques,Inonexactlcomplexitylreductionland
thelimprovementlofiithelapproximationlaccuracylensurelthatlwellcanlalwayslicope
withl thell temporarilyl availablel (finite)l time/resourcesd thusl findD thel balance
betweenlaccuracylanddcomplexity.

Thel stepsl ofll usingll anytimell models arell thell followings:0 Firstl al practically
“accurate”0fuzzylorINNIsystemlisltolbelconstructed.lForltheldeterminationloflthe
rule-basellexpertlknowledgelcanlbelused.IFurtherlimprovementicanlbelobtainedlby
thelluseloflitrainingldatalandisomellearningfalgorithm.

Ind thel second stepl applyingll thel SVD-basedl complexityll reductionl algorithml a
reducedlbutlaccuratel modell canbell generated.0 Tol makel possiblelthelusel ofll the
modellinlanytimelsystems,Jeitherlitheliterativelalgorithmldescribedlind[17]0canlbe
followedlorIfurtherlvariationsioflithelrule-baselofithelmodellmustibelconstructed,
withl differentl accuracyl andl complexity.l Anl alternativel rule-basell canl be
characterizedlbylitslcomplexitylandlitslerrorIthatlcanlbelestimatedIbylthelsumlof
theldiscardedlsingularfivalues.
InbthisOlatterficaseltheldifferentlrule-basesiformitheldifferentlunitsirealizingllalgiven
modulell(Fig.01.).0Thelexpertlsystem,Imonitoringlthelactuallstateloflithelsupervised
system,Jcanladaptivelylchangelthelunitsl-Irule-basesl-laccordinglitolthelavailable
computingltimelandlresourceslatithelmoment.IBecauselthelinferencelalgorithmlis
thellsame,Jonlylthelrule-basesi-lalkindlofll parameterlsetl-Imustlbelchanged.0Itlis
worthl mentioning,0 thatl thel SVD-basedl reductionl findsl thel optimum,0 i.e.,
minimuminumberlofiparametersiwhichllisineededltoldescribelthelsystem.

7 AnytimelControllUsinglSVDIBasedIModels

Recently,Ithelpopularitylofifuzzylcontrollhasigrownlrapidly.0Therelarelnumerous
successfullapplicationsfoflfuzzylcontrollwhichlaffectlonlthelanalysislandidesignlof
fuzzylcontrollsystems.0Thelpreviouslylldiscussedlideaslanditoolslcanlfruitfullyllbe
combined0 ifll all certainl typell ofll fuzzyl modell basedl control,0 namelyl TSI fuzzy
modelingllandiforlithellcontrollerldesigniParallellDistributedlCompensationl(PDC)
[18]nislused.OIfitheImodellapproximationlisigivenlinithelformloflTSOIfuzzylmodel,
thell controllerl] designl andll Lyapunovl stabilityl analysisl ofll thell nonlinearl system
reducelitolsolvinglthelL MIproblem.IThisImeansithatlfirstloflalllwelneedlalTagaki-
Sugenolmodellofithelnonlinearlsystemltolbelcontrolled.0Thelconstructionloflithis
modell is0 ofll keyl importance.l Thisl canl bell carriedd outl eitherl] byl identification
startingll froml input-outputl datall pairs0 orll well can derivel thel modell froml given
analyticallsystemlequations.



ThellPDCloffersaltechniqueltoldesignialfuzzylcontrollerifromithelT Sifuzzylmodel.
Thislprocedurelmeansithatltoleachllocallmodellallocallcontrolledlisidetermined.
Thisl impliesl thatl thell morell complexI thel system modell isl thell morel complex
controllerlwilllbelobtained.0Accordinglitolthelcomplexitylproblemsloutlinedlinlthe
previouslsectionsliwelcanlconcludelthatiwhenlthelapproximationlerrorloflithelmodel
tendsOtolzerolthelcomplexityllofithelcontrollerlexplodesitolinfinity.0ThisIpusheslus
focuslonlpossiblelcomplexitylreductionlandlanytimeluse.
SVDibasedlcomplexitylreductionlcanlbelappliedlonltwollevelslindthel TSOfuzzy
controller.l First,] well canlreducelthel complexityl oflthellocall modelsl (localllevel
reduction).l Secondly,l it is0 possiblel toll reducel thell complexityl ofl thell overall
controllerl byll neglectingll thosell locall controllers,l] whichl havell negligiblel orfl less
significantlrolelinlthelcontroll(modelllevellreduction).lBothIcanlbelappliedlinlan
anytimel way,l wherell well takel intol accountl thell “distance”l betweenl thell current
positionlanditheloperatinglpoint,Jasiwell.0Thelmodellgranularitylorithellevelloflthe
iterativel evaluationl canll copell withl this0 distance: thell morel farll wel arell thell more
roughlcontrollactionslcanlbeltolerated.0 Although,lthelapproximatedimodelsimay
notll guaranteel thel stabilityl ofll thell originall nonlinearl system, this0 canl alsoll be
ensuredibylintroducingfirobusticontroll(seele.gl[ 19]).

8 Conclusion

Inl modernd monitoring,l diagnostics,] measurement,] andl controll systems,[ the
availablelitimelandlresourceslareloftenInotlonlyllimited,0butlcouldichangelduring
theloperationloflthelsystem.lIndtheselcases,lthelsolcalledlanytimelalgorithmslcanbe
usedl advantageously.l Whilel differentl softl computingl methodsl arell wide-spread
usedl inll systeml modeling,d theirll usabilityl isl limited,] becausel thel lackl ofll any
universallmethodiforlitheldeterminationlofithelneededlcomplexityloftendresultslin
hugell andl redundantl neurall networks/l fuzzyl rule-bases.l Thisl paperl proposesl a
possiblel wayl toll carryl outl anytimellinformationl processingllandl controllinl fuzzy
systemslorlineurallnetworks,Iwithlthelhelplofithell(HigherlOrder)ISingularlValue
Decompositionlbasedicomplexitylireductionlalgorithm.
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