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1.Introduction

KnoWledgediscoveryindatabase(KDD）
hasbeendefinedas‘‘Ｔｈｅｎontrivialexhfactionof

implicit,previouslyunlmown,andpotentiallyusefUl
infblmationfiromdala”［10,14]．Inrecentyears
numeroussuccessfnlapplicationsofroughset
methodsfbrknowledgediscoveryindatabasehave
beendeveloped[２，４，６，１０，１１，１３，１４，１５].]hl
anotherdirectiontherehasbeenarapid
developmentinourunderstandingofthedetailed
mechanismsunderlyingtheemergenceofintelligent
behaviorI1,3,4,7,12]、

Thepaperisprimarilyconcemedwithidentifying
andanalyzingofsomewell-definedtypesof
emergencethatoccurinthecombinationofrough
settheorywithartificialneuralnetworks[lOl
lnthismethod,thebehavioroftheoverallsystem

emergesfiromtheinteractionsofthequasi-
independentcomputationalagentsorneurons､Each
agentcontainstheentirespecificationfbrits
behavior,whichincludesinteractionsbetweenitand

itscomputationalenvなonmentandotheragents・
Thusunlikem世tionalsystemsmodeling[7],血ere
isnooverallconhfollingentitｙｏｒｐｒｏ厚amsthat
ordersorotherwiseconstrainstheinteraction

betweenagents，

Themainissuetacldedinlhiｓｐａｐｅｒｉｓａｕｔｏ‐
adaptationoccurredinthismethodthatgenerates
thebehaviors丘omthestudyoflocalinteractions
betweenagentsandtheenvironment、Somekey
issuesassociatedwiththeunderstandingand

representationofsuchemergingbehaviorsinmulti‐
agentsystemsareimoduced・

Tｈｅｐａｐｅｒｉｓstructuredasfbllows、Weproposeto
beginmsection2wilhabIiefintroductionto

EmergenceSystem･Thenwerecallbasicroughset

pleliminaliesinSection3，Infburthsectionwe
present由econceptofincorporatingroughset
methodsintoconslructionoftheneuralnetworksby
usingsocalledroughneuron、Thedemonstrations
andguidelinesofemergencepropertiesinthe
combinationsystemaredescIibedinSection５．
Section6showhowtoexploitemergenceproperties
toextendtheproblemsolvingcapabilitiesinthe
combinationofroughsettheoryandartifIcialneural
networks・Someapplicationsarepresentedin
Section7、ThepaperconcludesmSection8wilh
directionsfbrfUrtherresearChontheconsidered

topics．

2.ＥｍｅｒｇｅｎｃｅＳｙｓｔｅｍ
Ｗｅｍａｙｂｅａｂｌｅｔｏｓａyexactlywhat

‘emerges，ｉｎaparticularcasethanwegeneranycan
inthecaseofreal-worldsystems・Emergenceis
generallyunderstoodｔｏｂｅａｐｒｏｃｅｓｓｔｈａｔｌｅａｄｓｔｏ
ｔｈｅａｐｐｅaranceofstructurenotdirectlydescribedby
thedefiningconstraintsandinstantaneousfbrces
thatcontrolasystem、Wecandefineemergence
system[3,7,12]ａｓ:‘systembehaviorthatcomes
outoftheinteractionofmanyparticipants，orclocal
interactionscreatingglobalproperties，、Ｓｏｍｅｏｆｔｈｅ
ｍｏｓｔ･engagingandperplexingnaturalphenomena
arethoseinwhichhighlystmcturedcollective
behavioremergesovertimefromtheinteractionof
simplesubSystems，
USingemergenceintelligenceallowstheremovalof
explicitlmowledgethatisanaturalconsequenceof
theproblemsolvingprocessinteractingwiththe
taskenvironment､Byallowingthetaskenvironment
tobeanintegralcomponentoftheproblem-solving
algorithm［1],ａⅡthenatulalconsbzints,including



3．RoughSetTheox･y
Theunderlyingideasofroughsettheory，

proposedbyZdzislawPawlakinlheeallyl98０，ｓ
[8],havebeendevelopedmtoamanifbldtheoxyfbr
thepurposeofdataandlmowledgeanalysis,duetoa
systematicgrowthofinterestinthistheoryin
scientificcommunity,Theprimarygoalofroughset
theoryhasbeenoutlinedasaclass坂catoryanalysis
ofdata[91．
Themainparadi8mofroughsettheorystatesthat
theuniverseofknownobjectsisassumedtobeonly
sourceofknoWledgeaboutadomainspecifiedby
ourneeds．Ｄatabasedreasoningisthenconcemed
withtheanalysisofdependenciesbetweenfbatures
labelinglmowncaseswithvalues丘ｏｍｓｏｍｅｐｒｅ‐
defineddomain、Letusrepresentanysampleof
knowndataasaninfbrmationsystemlS＝(ＵＡ)，
whosecolumnsarelabeledbyattributes，rowsare
labeledbyobjectsofinterestandenbriesofthetable

areatbributesvalues，whereUisnon-emptyfmite
setofohjectscalleduniverse,ａｎｄAisnon-empty
finitesetofambutes・

DecisiontableDT＝(U,Ａｕ{d})isaspecialfbrm
ofinfbrmationsystem，whereAiscalledcondition

ati工ibutes,anddEAiscalleddecisionattribute・Ｉｆ

ＶａｂｅｔｈｅｖａｌｕｅｓｅｔｆｂｒａｔｌｒｉｂｕｔｅａEAcalledthe

domainofa,thenattributeaEAisamap；
ａ:Ｕ→Ｖａ,ＶａＥＡ・

TablIelhasanexampleofdecisiontablewherethe
setofattributesA＝{Sex,CIinicalStage},valuesof
decisionatmbuteisVin企clion={Yes,ＮＣ},皿ｄＵ={P１，
P2,…,P10}・

LetXCUbeasetofobjectsandBCAbeasetof
atlributes,theindiscemiblyrelationcanbedefined
as：

Ｉの)＝{(X,y)ＥＵｘＵ:a(x)＝a(y),､▽'aEB}．

Objectsx，ysatisfyingtherelationlCB）are
indiscemiblebyatlributesfroｍＢ,I(B)isreflexive，
symmetric,andtransitive．

Ｔａｂｌｅｌ：ａｎexample

ＡｎｏｒｄｅｒｐａｉｒＡＳ＝（U，Ｉ(B)）iscalledan
approximationspace・Accordingtol(B)，wecan

definetwocrispsets星XandBXcalledlowerand

upperapproximationofthesetofobjectsXinthe
approximationspaceASas：

星Ｘ={xEU:IB(x)二Ｘ},ａｎｄ

ＢＸ＝{ｘＥＵ:IB(x)ｎＸ≠ウ}、

BXconsistsofallobjectsofUthatcanbewith

certaintyclassifYedaselementsofsetXgiventhe
knowledgerepresentedbyattributesfromB，ａｎｄ

ＢＸｃｏｎｓｉｓｔｓｏｆａｌｌｏｂｊｅｃｔｓｔｈａｔｃanbepossibly
classifiedaselementsofsetXemployingthe
lpnowledgerepresentedbyatlributesfiromBThe

differenceBNB(X）＝（ＢＸ‐且Ｘ）iscalled
boundaryofX，whichcontainsallobjectsthat
cannotbeclassifiedeithertoXorcomplementofX
givenlmowledgeB､Pawlak[8]ｄｅｆｉｎｅｄａｒｏＵｇｈｓｅｔ
ｔｏｂｅａｆａｍｉｌｙｏｆｓubsetsofauniversethathasthe
samelowerandupperapproximations､IromTable
l，theupperandlowerapproximationoｆｔｈe
decisionathFibute‘‘infbction，，canbefbrmattedas

fbllows：

聖infeaib腕=ye‘＝{P1,Ｐ７｝

Xinfeai｡"=y“＝{P1,Ｐ2,Ｐ４,Ｐ５,Ｐ6,Ｐ7,Ｐ10｝

茎infecii｡"="｡＝{P3,Ｐ8,Ｐ９｝

Xinfec‘i･"="｡＝{Ｐ2,Ｐ３,Ｐ４,Ｐ５,Ｐ6,Ｐ8,1,9,Ｐ10｝

Decisionrulescanbeperceivedasdatapattems，

whichrepresentrelationshipbetweenattributes
valuesofaclassi負cationsystem､ＩｆＤＴ＝(U,Ａｕ

{｡})isadecisiontableandV＝Ｕ{va:ａＥＡ}Uvd,is
asetofvaluesfbrattributes,thenthedecisionruleis

alogicalfbrm:ｒａＴＨＢＮβ,orcanbewritten[11］
as(α,β),whereαisaconditionpartofthcrule,itis
aconjunctionofselectors：fbrnominalatmbutes
takethefbrm:(a,=v,Ａ１、.…ANDａｎ=v､)andfbr
numericalatmbutestakethefbrm：ｖ,＜ａ＜ｖ2,and

l3isthedecisionpart:(d＝vd),itusuallydescribes
thepredictedclass,Wecandefinethesetofrulesas：

RuleSet＝{(αi,βi):i=1,…,k}．

thosetoosubtlefbrthelmowledgeenglneerto
extract,虹eavailabletothealgorithmandemergeat
appropriatemomentswhilesolvingproblems・
Thestudyingofemergencepropertiesin
mathematicallywell-definedｓｙｓｔｅｍｓｍａｙｂｅ

ｐ麺ticularlyusefUlinconstructingatopologyof
emergence，Emergenceastheexistenceof

propertiesofasystemisnotpossessedbyanyofits
parts［３１This，ｏｆcourse，ｉｓsoUbiquitousa
phenomenonthatit'snotdeeplyinteresting・It
probablywillhelptofbcusona企wcoreexamples
ofemergencesystems[7】：
(A）ＴｈｅｇａｍｅｏｆＬｉｆも：High-levelpattemsand
structureemerge丘omsimplelow-levelrules
(CellularAutomata)．

OB)Connectionistnetworks:BUgh-level1'cognitive11
behavioremergeshomsimpleinteractionsbetween
dumbthresholdlogicunitsOVeuralNetworks)．
(C）Evolution：Intelligenceandmanyother
interestingpropertiesemergeoverthecourseof
evolutionbygenetlcrecombinationandmutation
operators(GeneticAlgorithm)．

ｒａｂｌｅｌ：ａｎexample
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Thereexistseveralmeasurementsinorderto

evaluatethedecisionmle、Ｔｈｅclassification

accuracyandcoverageofruleraredefinedas
fbnows[10,11,13,14]：

』"(『)雲'Ｗ)f’
Ｃｏｖ(r)＝|sup(r)nDl

lDl
wherelAlisthecardinalityofasetA,Ａcc(r)isthe
classificationaccm･acyoftheruler,Cov(r)ｉｓthe
coverageoftheruler,sup6)isthenumberofcases
thatmatchtheconditionpartofruler,andlDlisthe
numberofcasesthatmatchthedecisionpartofrule
r,ItisclearthatAcc(r)ａｎｄＣｏｖ(r)belongtothe
interval[0,11.

4．Combination0fRoughSet
TheoryandNeuralNetworks
Thissectionisanattempttosummanzeanapproach
aimedatconnectingroughsettheorywithartificial
neuralnetworks・Artificialneuralnetworkinits

mostgeneralfbrmisattemptedtoproducesystems
thatworkinasimilarwaytobiologicalnervous
systems，Thenatureofconnectionsinneural

networksanddataexchangethroughthe
connectionsdependupontheapplication．
Drivenbytheideaofdecomposingthesetofan
objectsintothreeparts:thelowerapproximation，
theboundaryreglonandtheupperapproximation
withreSpecttoagwensetXofobjectsinthe
decisiontable,Ligras［１０］imoducedtheideaof
roughneurontoconsmctnetworkcalledRough
NeuralNetwork・

Eachroughneuronrisapalr,onefbrtheupper

boundcalledupperneuronrandanotherfbrlower

boundcaⅡｅｄｌｏｗｅｒｎｅｕｒｏｎｒ・Thosetwoneurons

canexchangeinfbrmationbetweeneachotherand

betweenotherroughorconventjionalneurons；ｓo
roughneuralnetworkconsistsofbothconventional
androughneurons・

Ｔｈｅｏｕ印utsofaroughneuronrdependingonapair

ofneurons：lowerneuronrandupperneuronr，

arecalcUlatedusingfbrmula：

ｏ叩”デーmax(jf.(””７),jF(””『)）

ｏ叩”r＝ｍin(ｆ(””7),ｆ(””r)）
wherefstandsfbranytransfもrfimction，fbr
example:sigmoidfimction,whichtakesthefbrm：

１

ｆ(x)＝,＋e-＆
whereβisthecoefflcientcalledgain，which
determinestheslOpeofthefimction．
Theconnectionsbetweenconventionalneuronsin

roughneuralnetworkａｒｅｍａｄｅａｓｉｎｕｓｕａｌｃａｓｅ，
Whileconnectionbetweenroughneuronand
conventionaloneismadeasconnectinglower

neuronエandupperneuronrseparately，Two

roughneuronsinthenetworkcanbeconnectedto
eachotherusingeithertwoorfburconnections､A

roughneuronrissaidtobefilllyconnectedtorough

neurons，ｉｆｒａｎｄ７ａｒｅｃｏｍｅｃｔｅｄｔｏｂｏｔｈＳａｎｄ

Ｓ、Ifthereexisttwoconnectionsonlyfromneuronr

toneurons，thenthetwoneuronsarepartially
connected,Ifaroughneuronrexcitestheactivityof
neurons(i､e・increaseintheoutputofrwillresult
theincreaseintheoutputofs),thenｗｅｃｏｎｎｅｃｔ

ｏｎｌｙＳｗｉｔｈｒａｎｄＳｗｉｔｈｒ・Intheopposite

situation,ifrinhibitstheactivityofs(i,e,increase
intheoutputofrcolrespondstothedecreaseinthe

outputofs)ｗｅconnectonly2withrandSwith

r･

Iftworoughneuronsarepartiallyconnected，then
theexcitatoryorinhibitorynatureoftheconnection
isdeteImineddynamicallybypollingtheconnection
weights・Ifapartialconnectionfromaroughneuron
rtoanotherroughneuronsisassumedtobe
excitatoryandweightsofboththeconnections虹e
negative,thentheconnectionfromrtosischanged
ftomexcitatorytoinhibitory,Ｏｎｔｈｅｏｔherhand,ifr

isassumedtohaveasinhibitorypartialconnection
tosandweightsofboththeconnectionsare

positive,thentheconnectionftomrtosischanged
hfominhibitorytoexcitatory、
Ｎｏｗｗｅｗｉｌｌｃａｎｅａｃｈｎｅｕｒｏｎａｎｄｌｉｎｋ､ｉｎｔｈｅ

ｎｅｔｗｏｒｋａｓ‘‘agenf，、Fromaconectionofagents
obeyingexplicitinsmctions（weighfmodification
andsignalpropagationalgorithms)，leamingand
pattem-recognitionemerge,Theagentreceivingthis
infbrmationcandescribeobjectsusingitsown
atmbutes・Inthiswayadecisiiontableiscreatedand

thereceivingagentcanexなactapproximate
descriptionofconcept・
Iｆｔｈｅａｇｅｎｔｊ（conventionalorroughneuron）
connectstoagenti(conventionalorroughneuron)，
thenthecollectedweightedinputofagentiis
calculatedas：

”"r,＝Ｚの,×o"”ｊ

whereのりistheconnectionweightbetweenagentsi
andj，

Letthenetworkhereisrepresentedｂｙａｓｅｔｏｆ
ａｇｅｎｔｓＡｇ={a9,,…,agp}・AnyagentfomAgis
equippedwithaninfbrmationsystemlSag＝(Ｕｌｇ，
AaJwhereUhgisasetofobjectsandAagisasetof
atmbutesassociatedwithagentagThedecision

tableisapairDTag＝（Uも9,ＡａｇＵ｛dag}）ｆｂｒａｎｙ
ａｇｅｎｔａｇＥＡｇｗｈｅｒｅｄａｇｉｓｔｈｅｌocaldecision
attIibute・Thelowerandupperapproximationsof

anyconceptXdefiningbyagentageAgwith
respecttoconditionatnibutesofDTagdescribethe
vaguenessinunderstandingofXbyagents・丘ｏｍＡｇ・
Everyagentisautonomousinthesensｅｉｔｉｓｎｏｔ
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underthecontrolofasupervisor：aIlitsdecisions
arederivedfi｢omembodiedrulesdependingonly
uponlocalinfbrmationaccessibletotheagent
Theagentsdiffierintheirle2mledbehavior,andtheh・
consequentialexperlenceandperfbrmance・The
leamingprocessfbrthenetworkｉｓｂａｓｅｄｏｎａｎｙ
ｇｅneralleamingscheme，ｓｏｔｈｅｗｅｉｇｈｔｓｉｎｔｈｅ

Nowletweglvesmallexampletoshowhowtouse

roughneuron，Table2hasexamplemedicaldata，
wheretheattributevaluestakethefbrmofrough
pattem(mdnimumandmaximumvalues).Thedata
consistsof6objectseachofwhichhasvaluesfbr3

atmbutes｛totalPSA，PSAdensity，PSATZ
density｝andonedecision｛Patho｝ｗｉｔｈｖａｌｕｅｓｅｔ

{0,1)．“0”ｍｅ２ｍｓｎｏｔｉ並ectedand“1”ｍｅ鉦
in企cted．

networkareadjustedaccordingtothegeneral

equation：

の"＝の拶十α(ｒ).g(”"i）
wheregisanytransferfimction,α(t)isaleaming
factor，ｗｈｉＣｈｓｔａｒｔｓｗｉｔｈａｈｉｇｈｖａｌｕｅａｔｔｈｅ
beginningofthe廿ainingprocessandisgradually
redｕｃｅｄａｓａｆｉｍｃｔｉｏｎｏｆｔｉｍｅ．Ｅ,9．theweights
adjustedaccordingtoasimplebachpropagation‐
leamingschemetakethefbrm：

の『"＝の；！‘＋αe叫ｆ１(”蝿）
wheref'isthederivativeofsigmoidfUnction,a

istheleamingcoefficientande恥ｉｓａｎｅ[rorfbr

agenti、Ｄｕｅｔｏｔｈｅｐｒｏｐｅｒｔｉｅｓｏｆｓｉｇｍｏｉｄｆｉｍction，

calculationoff1(X)＝ｆ(X).(１－/(X))iseasy・
LetＮ(ag)beafimction,whichdeterminesthesetof

immediateneighborsagentsoftheagentagEAg、
ThefimctionNcanbedefinedas：

Ｎ(ag）＝｛a9,：ag1eAgandag1isimmediate
neighborofag}・
ＡｎｙａｇｅｎｔａｇｆｔｏｍｔｈｅｎｅｔｗｏｒｋｃａｎｕｓｅfimctionN
todetenninewhichagentwillinteractwithit・

Ｔｈecommunicationbetweenagentsisprovidedby
mappingE(a9,Ｎ(ag))suchthat：

ＦｏｒｘＥＵｈｇ,thevalueE(a9,Ｎ(ag))(x)ＥＵＮ(ag)．
AccordingtofimctionEeachagentcansendor
receiveinfbrmationthroughimmediateneighbor
agents､Perturbationandundirectedcommunications

canbebeneficialtothesuccessandperfbrmanceof
emergencesystem・Theinfbrmationcanonlybe
lransmittedthroughsequencesofimmediate
neighborCommunications・Theundirected

communicationsandabsenceofcomPlete
infbrmationpermitsroughneuralnetworkthat
sometimesbutnotalwayssucceedinsatisfyingits
goals・

Figurelshowsanexampleofroughneuralnetwork，
whichconsistsoftheinputlayer,whichthepattem
ispresented,dishibutesthepattemthroughoutthe
net，andpropagatesthepattemdowntheir
connectionstothemiddlelayers（oneormore

hiddenlayers).Thepattemismodifiedbyweights
associatedwitheachconnection・Theagentsinthe
hiddenlayerpasso、thepatteminanappropriate
manner，againmodifiedbyweightconnections，to
evokethedesiredresponseintheoutputlayer､The
Operationsarenaturalinasenselhatthey
coIrespondtodifferentviewsonglobal
approximationspacerepresentedbythenetwork
Thesenewapproximationspacescanbeusedfbr
betterdescriptionofconcepts．

○OutputLayer

r

αＤａＤａＤａＤ

Hi‘.．.(…

Figurel:AnexampleofRoughNeuralNetwork

L

InputLayer

TheconstructednetworkisshowninFigure2・Ｗｅ
ｕｓｅｈｅｒｅ３ｒｏｕｇｈｎｅｍｏｎｓａｓｉｎｐｕｔｌayer
co豆espondingto3conditionatなibutes,Onelndden
layerhas21oughneuronandoneconventional
neuroninoutputlayerfbrdecisionatlribute‘‘Patho，，、
Theconnectionsbetweenroughneuroninthis
networkaretakenasfUllconnection．

5．GuidelinesfbrEmergence

SysteminCombinationofRough
SetsandNeuralNetworks

Weprovidesomeguidelinesfbrdirected
introductionofemergencepropertiesintothe
combinationofroughsettheoryandartiHcialneural
networks・Inthissystemtheinteractionofthe

dynamicrepresentationandnon-positional
interpretationprovidessomeinnateemergence
propertiesthatassistintheacquisitionofsolutions
[1,7]､Thosepropeltiesemelgenotbecausethey
weredesignedintotheneuralnetworkitselfbut

becausethedynamicsofthemethoddeterminethem
tobeusefUlornecessaryfbrsuccess、This
combinationrepresentsemergencetechnologyon
twolevels､First,intheleamingprocessitselfthe
abilitytorecogmizethepattem-set(embodiedinthe
connectionaltopologyandweights)emergesiiFom
theinteractionsofagents（neuronsandlinks)．
Second，ｏｎｃｅｔｈｅｎｅｔｉｓ廿ained，theappropriate
pattemattheoutputlayeremergesftomthe
interactio､sbetweenagentsinthestaticnetwo1ｋ[7]・
Fourcharacteristicsofthesystemareobservedto
definetheemergenceprOperties：

|－
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Figure2:Theroughnemalnetworkmodelconstructedon
exampledataintable2．

11.

111‘

1Ｖ．

system・Theagents虹ｅｌｉｍｉｔｅｄａｎｄｔｈｅｙａｒｅ

ｕｎａｗａｒｅｏｆｓｏｍepartsoftheglobalsystem・So
eachagenthasalocalenvlronment・Each
participantcanneitherreadnorwritedirectlyto
agents,inotherword,thesystemcanmakeuse
ofneitherglobalvisibilitynorcemalconなo1．
Theagentsactandmodifylocallythis
environment・Ｅａｃｈａｇｅｎｔｈａｓｏｎｌｙａｐ鉦tialview
ofothersandtheenvironment，inwhichitIs

ilmnersed,andintheabsenceofglobalcontrol，
everyagentmustbeabletocommunicatewith
itsimmediateneighborswithoutdependiIngon

thelmoWledgeoftheoverallnetworktopology・
Interactionisabasismechanismfbragents,and

thesystemconsidersaresultasemergingfi･om
exchangesbetweenagents、Eachagentcan
communicatedirectlｙｏｎｌｙｗｉｔｈａｎｕｍｂｅｒｏｆ

ｉｍｍｅｄｉａｔｅｎｅｉghborsthatislessthanthetot2Jl
numberofagentsinthesystem，whichcalled
localinteractions・

Emergenceofglobalsolutionsisadaptationof
agent0sbehaviortolmoWledgeandenvironment．
‘Ihishypothesiscanbeovercomeinconsidering
eachcomponentasawholesystem,ｉｎwhichthe
sub-componentsareusingthesameselfL
organizationmelhod・Eachneuronconsistsofa
pairoflowerneuronandupperneuron・Ｉｆｗｅ
ｃｏｎｓidertheroughneuronaswholesystem，so

lowerandupperneuronsareconsideredａｓｓｕｂ－
ｃｏｍｐｏｎｅｎｔａｎｄｅａｃｈｃａｎｕｓｅｔｈesameselfL
org2mizationmethod．
§ｎｅｔｗｏｒｋｈｅｒｅｉｓａ虹ouDofaEents・ｎｏｎｅｏｆＴｈｅｎｅｔｗｏｒｋｈｅｒｅｉｓａ厚ouporagents，noneot

whichcandealwithadifflcultyalone,butonlydo
sowheneachcooperates．

6.ExPloitingEmergence
IntenigenceinRoughNeural
Network

Wewilldescribeexampleofmodification
tothesystemthathamessinherentdynamicsfbr
emergenceintelligenceinproblemsolving・
Twokindsofdynamicevolutioncouldbe
considered：modificationofthes(ructurebyre-
organizationoftheacquaintancesnetworkor
modificationofbehavior・Ｔｈｅｇｏａｌｈｅｒｅｉｓｔｏ
ｄｅｍｏｎｓｔｒａｔｅｔｈｅｓelfLorganizationoftherough
neuralnetwork・Consequently，ｒｏｕｇｈｎｅｕｒａｌ
ｎｅｔｗｏｒｋｔｏｂｅｕｓｅｄｉｎａｎemergencewayandcan

perfbrmitsroles，aduplicationsystemisrequired、
Wewilldefinea･duplicateoperatorlhatanagentcan
usetoduplicateitselflnthesamemanner，
removableoperatorcanbedefinedwheretheagent
hastheabilitytodieanddeleteitselffromthe
networkshncture・

Thisideawasfirstdiscussedin[5]asadaptationof
neuralnetworkssbfucturebutindifferentway，
wherethisprocesswasundercon杜olofoverall
systemerror・Butinourcombinationsystem，this
processislocalfbragentandnoglobalcontrolexist，
soeachagenthastheabilitytoproducenewagent
andalsoremoveitselfftomthesystemunderlocal

comrolonly.Ｔodefinelocalcontmlfbreachagent，
weassignafitnessvaluefbreachagent､Thisfitness

valueisnotonlydependonagentperfbrmance,but
alsoonhowthisagent‘‘better，，againstotheragents，
Letdefineafitnessfimctioninasiｍｐｌｅｆｂｒｍａｓ
ｓｕｍｍａｔｉｏｎｏｆｔｗｏｔｅｒｍｓ：ｆｉｒｓｔｔｅｌｍｉｓｔｈｅ

ｐｅｒｆｂｒｍａｎｃｅｏｆａｎａgent,itistheaveragebetween
theinputandtheoutputvaluesofthisagent，and
secondtermfbrmeasurehowthisagentbetter
againstotheragentsinthenetwork、Sothefitness
fimctioncantakethefbrm：

Fag＝α,．Ｖ＋ｏ(２．Ｂ，
WhereFhgisafitnessfimctionfbragentagEAg,oh
anda2areparameters,Vistheaverageofinputand
outputvａｌｕｅｓｆｂｒａｇｅｎｔａｇｅＡｇ,ａｎｄＢｉｓｈｏｗthe
agentag‘‘better，，againstotheragentsinAg・
DependingonthevalueoffitnessfimctionEg,ｔｈｅ
ｎｅｕｒｏｎｃａｎｂｅｓｐｉｌｔｉｎｔｏｔｗｏｕｓｉｎgduplicate
operator，ｉ､e、itproducesanothernemontothe
exactIysameinterconnectionofthenetworkasits
parentneuron，satmbutesareinherited・Ｉｆａｎｅｕｒｏｎ
ｄｏｅｓｎotfOrmthecolrectinterconnectioｎｓｂｅｔｗｅｅｎ

ｏｔｈｅｒｎｅｕｒｏｎｓｏｒｉｔｉｓａｒｅdundantinthenetwork，

thenitwilldie,Wewilllimitthispropertytohidden

layersonly，andinputlayerandoutputlayerare
Exed､Wecansaythatroughneuralnetworkisnot
designedbutevolved．］Fromgenerationto
generation，ｔhesystemlearnsitssm1cturethrough
interactionswithitsenvlronment・

Ｂｙｅmbeddingthismodificationwithinanongoing
evolutionaryscenarioandbyallowingprocessesof
agent/environmentinteractiontotakeplacewithin



Forcomparingtheresults，weconstructthree

modelsfbrneuralnetworks：firstmodelfbrrough
neuralnetworkwithmodificationthatdesclibedin

thispaper,secondmodelfbrstandardroughneural
nelwolkasdefinedin［10Laswenasmodelfbr
conventionalneuralnetwork・Forfirstandsecond

models(proposedmodelandstandardroughneural
network)，Thenetworkhasthreeinputrough
neurons，eachofwhichfbronesection，andone

hiddenlayerwitheightroughneurons・Sincethe
outputisauniquevalue,theoutputlayerusedone
conventionalneuron，Theimportantdifferencein
roughneuralnetworkapproachisthattheytakeas
inputstheupperandlowerboundsfbrathfibutes・So
infactthisnetworkhastwicethenllmherofneurons

空午

eachagent，slifetime，wecanobtainperfbrmance，ｏｆｎｅｗｍｏｄｅｌｏｆｎｅｕｒａｌｎｅｔｗｏｒｋｉｓｇｏｉngmore
whichisreliablygood．naturalthanstandardroughneuralｎｅｔｗｏｒｋａｎｄ

conventionalneuralnetwork

7．Application
Thepu[poseoftheexpenmentsdescribed

inthissectionisnottoproposebettermethodsfbr
solvingtheparticularproblem,whileournewmodel
ofroughneuralnetworkprovidesbetterresults,But
themodelusedintheexperimentwastoosimplistic
tomakeanyconcreterecommendations､hlsteadthis

sectionmestoverifytheemergencepropertiesin
thiscombination．

Ｔｈｅｎｅｕｒａｌｎｅｔｗｏｒｋｓｈａｖｅｓｈｏｗｎｔｏｂｅmore

effectivethantheexistingmethodsfbrestimationof
manyapplications，sowechooseadatacontains
infbrmationabouttherepresentationofstudents
fifomCalifbmiaStateUniveristytakingthe
eqUjIvalelntofal5-unitcourseload,andthetaskis
topredictthevolumeofstudentsfbryear2000
usingdataaboutthisvolumeftomthelastyears、
Theinputtotheroughneuralnetworkmodel
consistsofroughpattem，ｉ,e・upperandlower
boundsofyearlyvolumesofstudents・Wedivided
thedataintosectionseachsectionfbrthreeyears，
andtaketheupperandloweｒｂｏＩｍｄｏｆｖａｌｕｅｓｔｈａｔ
ｅ麺stineachsectiolLﾜ[hedatabegin金oml991until
2000､Sothesectionsweredeterminedasfbnows：

Sectionl：1991-1993,
Section2：1994-1996,
Section3：1997-1999.

Figure3:TheaverageerrorthmuEjllOO,000
generationsproducedbytheproposednewrough

neuralnetwork．

Figure4:TheavelageerrorthrougillOO,O00
generationsproducedbystandardroughneural

network．

ascomparedtotheconventionaIone，

Forconventionalneuralnetwork,theinputs虹ethe
averagevaluefbreachsectionｏｆｄａｔａ・Themodel

consistsofthreeinputneurons，onehiddenlayer

Figure5:nleaverageexrorthrou邸100,000
generationsproducedbyconventionalneural

networkmodel．

witheightneurons,andoneneuroninoutputlayer， Table3showsthecomparisonbetweenaverage
Nowwementionthediscussionofexperimental errorsofeachneuralnetworkmodelthroughall
resultwiththreemodels・

generations・Bromthetableweobservethatsecond
lnitially，fbreachnetwork，ｔｈｅｃonnectionsare

model（standardroughneuralnetwork）hasbest
assignedsomewhatrandomweights・Ｔｈｅ廿aining

averageelroranditisveryClosetotheaverageeITor
setofinputispresentedtolhenetworkseveraｌ

ｏｆｏｕｒｎｅｗｍｏｄｅｌａｓｗｅｌｌａｓｔｈｅｙａｒｅｂetterthan
times、

conventionalneuralnetwork・Ｔａｂｌｅ４ｓｈｏｗｓｔｈｅ
画gures3,４，2md5showtheavelagereductionelror maxlmumelror血oughthreemodelsofneural
ofglobaloutputduring杜ainingpmcessevelylOOO networkslhroughlOO,O00genemtion,ourproposed
generationsfbreachmodelofneuralnetworks・ modelandstandardroughneuralnetworkhavethe
Fromthefigures，ｗｅｏｂｓervethattheaverageerror
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一

ｓａｍｅｖａｌｕｅｏｆｍａｘｉｍｕｍｅｌｒｏｒａｎｄｉｔｉｓbetterthan

theerrorvalueofconventionaione・Table5shows

themmmmmelrorvaluesthrougillOO,O00
generationsfbreachmodelofneuralnetworks・

Fromthetableweobservethatourproposedmodel
providesverygoodresult,wherethevalueproduced
fromourneｗｍｏｄelisbetterthanvaluesof

standardroughneuralnetworkandconventional
neuralnetwork

Table3:AverageerrorlhrouE血100,000genemtions
fbrproposedmodelofroughneuralnetwork，
standardroughneuralnetwork，andconventional
neuralnetwork．

Proposed StandardRoughNeural ConvemionalNeural

Model NetworkModel NetworkModgl

0.00055 0.00044 0.02866.

Table4:MaximumerrorthrougjllOO,O00
generationsfbrproposedmodelofroughneural
network,standardroughneuralnetwork,and
conventionalneuralnetwork．

sed StandardRoughNeuml ConventionalNeural

NetworkModel NetworkModel

０．００３９７ 0.00397 0.04804

Table5：MmimmnelrorthrougillOO,O00
generationsfbrproposedmodelofroughneural
network，standardroughneuralnetwork，and
conventionalneuralnetwork

ProPOSed
Model

0.000046

StandardRoughNeural
NetworkModel

0.000203

ConventionalNeuml

NetworkModel

0.027472

Toseemoreinourproposedmodel，weobserve
someemergencepropertiesinthismodel・From

generationtogeneration，thegroupofagents
interactswitheachother,Eachagenthastheability
toproduceitselfwiththesameconnectionanｄａｌｓｏ
ｈａｓｔｈｅａｂｉｌｉｔｙｔｏｄｉｅａｎｄｄｅｌｅteitself丘omthe
networkstructure､Throughtheinteractionsbetween
agents,theweightsofconnections,ｉ､atheattributes

ofagentsaremodifIed・Ｉｎｔｈｉｓｅｘｐｅｒｉｍｅｎｔｆｂｒｎｅｗ
ｍｏｄｅｌｏｆｒoughneuralnetwork，wefindthrough
lOO,O00generations，thelargestusingoneof
duplicateoperatoristheagentnumberl2,whi9hit
usesas31％血oug世loveranagents，andfbr
removableoperatorneuronsｍｍｌｂｅｒｌ５ａｎｄｌ６ｕｓｅｉｔ
ａｓｔｈｅｓａｍｅｌａｔｅ３１％againstallagentsinlhe
network・

Regardingtheapplicationweintroduced，the
combinationofroughsettheoryandartifIcialneural
networkrepresentsemergencecomputationinthe
strictsense．

8.Concllusions

lnrecentyears，anapproachtermed
emergencecomputationhasgainedpopUlarityina
varietyoffields・TY1ispaperthusprovidesa‘‘big
picture，，ｓｔｏｒｙａｂｏｕｔｔｈｅｗａｙｉｎｗｍｃｈｔｈｅ
ｄｅｖelopmentofcomplexintenigentbehaviorsmight
involveevolutionaryprocesses，leamingprocesses，
agent/envkonmentinteraction，andrepresentation
development・Theleimmingmethodprovidedby

roughsetfbrmsabridgebetweentheneuralnetwork

paradigmsontheonehandandtherepresentation
listparadigmontheother，
Webegininthispaperwithimoductionto
emergencesystemandillus杜atewhatarethe

prOpertiesofemergencesystemwithsomeexamples
ofexistingemergencesystems、Followedthatぅwe

summarizedtheapproachofcombiningroughset
theorywithartificialneuralnetworks,whichcalled
roughneuralnetworka､dgivenewdescriptionto
thiscombination丘omroughsetview､Innextpart

ofthispaper,weillustratetheemergenceproperties
thatexistinroughneuralnetwork,ａndshowhowto
exploitemergencepropertiestoextendtheproblem
solvingcapabilitiesinthecombinationofroughset
theoryandartificialneuralnetworks・Whereweadd

twonewoperators：duplicateandremovable
Operators，ａｎｄdefinenewfimctiontoassignfItness
valuefbreachagentinthenetwork・Byusingthese
newmodifications，roughneuralnetworkcan
perfbrmitsrolesandbeusedinemergenceway､In
lastpartofthepaper，wedescribeindetailssome
experimentswithreallifbdata丘omCalifbmiaState
Univeristy､Thetaskofexperimentistopredictthe
volumeofstudentusingdataabouｔｔｈevolumes
firomlastyears・Wecomparebetweenconventional
neuralnetwork，roughneuralnetwork，andnew
modelofroughneuralnetwork・Weneedto
continuethisdirectionofresearchwherewewill

extendthisideatobeingeneralcasefbrroughset
theorywhenitcombineswithanyothermethod
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