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What is What is NeurocomputingNeurocomputing anyway?anyway?

Field of research that deals with behaviour of Field of research that deals with behaviour of 
artificial neurons and  artificial neural networks.artificial neurons and  artificial neural networks.
Technique used in approximation and Technique used in approximation and 
classification tasks.classification tasks.
Title of journal published by Elsevier.Title of journal published by Elsevier.
……..
oror
A computational paradigm that makes use of A computational paradigm that makes use of 
simple processing units bound together by simple processing units bound together by 
internal connections in order to achieve higherinternal connections in order to achieve higher--
level results.level results.



OurOur idea idea ofof neurocomputingneurocomputing
A A computingcomputing paradigmparadigm thatthat::

UsesUses simplesimple processingprocessing unitsunits –– neuronsneurons..
ConnectsConnects processingprocessing unitsunits to make to make exchangeexchange ofof
informationinformation possiblepossible..
AdoptsAdopts to to requirementsrequirements by by strenghteningstrenghtening oror weakeningweakening
connectionsconnections betweenbetween processingprocessing unitsunits..
AchievesAchieves desireddesired goalsgoals by by adaptationadaptation ((learninglearning) ) withwith useuse
ofof algorithmicallyalgorithmically effectiveeffective proceduresprocedures..
ProvidesProvides robustrobust, , noisenoise--toleranttolerant andand flexibleflexible resultsresults..



RoughRough SetsSets
andand

ArtificialArtificial NeuralNeural NetworksNetworks



WhatWhat do do theythey bringbring to to thethe tabletable??
RoughRough SetsSets::

ReductionReduction
ApproximationsApproximations (i(in RS n RS sensesense))
ClassificationClassification –– especiallyespecially decisiondecision rulesrules

ArtificialArtificial NeuralNeural NetworksNetworks::
LearningLearning andand adaptabilityadaptability
RobustnessRobustness andand flexibilityflexibility, , tolerancetolerance to to noisenoise
ApproximationApproximation (i(in n numericalnumerical sensesense))
NaturalNatural approachapproach to to continuouscontinuous data data classificationclassification
((e.ge.g., ., signalssignals))



FromFrom RS to ANNRS to ANN
RoughRough set set techniquestechniques usedused for for reductionreduction, , featurefeature selectionselection

andand preprocessingpreprocessing ofof trainingtraining data for ANN. One data for ANN. One ofof firstfirst
ideasideas joiningjoining RS RS andand ANNsANNs, , stillstill inin circulationcirculation todaytoday..

M.M. SzczukaSzczuka (1998). (1998). RoughRough SetsSets andand ArtificialArtificial NeuralNeural NetworksNetworks..
In: In: L.L. PolkowskiPolkowski andand A.A. SkowronSkowron ((edseds.), .), RoughRough SetsSets inin KnowledgeKnowledge
Discovery 2: Discovery 2: ApplicationsApplications, , CaseCase StudiesStudies andand Software Software SystemsSystems, , PhysicaPhysica--
VerlagVerlag, Heidelberg, pp., Heidelberg, pp. 449449--470. 470. 

JJ.. F. Peters and MF. Peters and M.. S. S. SzczukaSzczuka. . Rough Rough neurocomputingneurocomputing: A survey of basic : A survey of basic 
models of models of neurocomputationneurocomputation..
In James J. In James J. AlpiginiAlpigini, James F. Peters, , James F. Peters, AndrzejAndrzej SkowronSkowron, and , and NingNing ZhongZhong, , 
editors, Third International Conference on Rough Sets and Curreneditors, Third International Conference on Rough Sets and Current Trends t Trends 
in Computing RSCTC, volume 2475 of Lecture Notes in Artificial in Computing RSCTC, volume 2475 of Lecture Notes in Artificial 
Intelligence, pages 308Intelligence, pages 308--315, Malvern, PA, October 14315, Malvern, PA, October 14--16 2002. 16 2002. SpringerSpringer--
Verlag.Verlag.



ANNsANNs for RSfor RS

UsingUsing learninglearning//adaptationadaptation abilitiesabilities ofof a a neuralneural
networknetwork to to solvesolve somesome ofof RS RS problemsproblems..

SupplementingSupplementing rulerule--basedbased RS RS classifiersclassifiers withwith a a 
neuralneural networknetwork thatthat solvessolves conflictsconflicts betweenbetween
rulesrules i.ei.e., ., providesprovides votingvoting mechanismmechanism..

M. Szczuka, M. Szczuka, RefiningRefining classifiersclassifiers withwith neuralneural networksnetworks, , 
InternationalInternational JournalJournal ofof IntelligentIntelligent SystemsSystems 16 (2001) pp.3916 (2001) pp.39--55. 55. 

M. Szczuka, P. M. Szczuka, P. WojdyWojdyłłłłoo, , NeuroNeuro--waveletwavelet classifiersclassifiers for EEG for EEG signalssignals
basedbased on on roughrough set set methodsmethods, , NeurocomputingNeurocomputing 36 (2001) 36 (2001) 
pp.103pp.103--122122. . 



RoughRough NeuronsNeurons
InsteadInstead ofof processingprocessing purepure signalsignal thethe neuron neuron caterscaters upperupper

andand lowerlower approximationapproximation ofof thethe incomingincoming informationinformation..

LingrasLingras, P.J. 1998. , P.J. 1998. ComparisonComparison ofof neofuzzyneofuzzy andand roughrough neuralneural
networksnetworks, , InformationInformation SciencesSciences: : anan InternationalInternational JournalJournal, Vol. 110, , Vol. 110, 
pp. 207pp. 207--215. 215. 



RoughRough--NeurocomputingNeurocomputing



RoughRough--NeuralNeural ComputingComputing vsvs. . 
RoughRough--NeurocomputingNeurocomputing
Rough-Neural Computing: Techniques for Computing with Words

S.K. Pal, L. Polkowski, A. Skowron (eds.) 
Springer-Verlag, 2004
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RoughRough--NeurocomputingNeurocomputing RevisitedRevisited

FeedforwardFeedforward ConceptConcept NetworksNetworks



ClassificationClassification ofof complexcomplex objectsobjects

Real-world concepts are often compound of
parts (sub-concepts) 
Sub-concepts create (unknown) structure
There may be nontrivial dependencies between
sub-concepts
Sub-concepts can be constructed separately
Knowledge about a final concept may be 
distributed among many classifying agents



TheThe conceptconcept synthesissynthesis –– exampleexample

w1

w3

w2

Decision distribution
synthesized from the
probabilistic neuron

Φ:Rn→Rn

Decision distributions
provided by the agents



[ ] [ ]
[ ] [ ]∑

∑
=

=

=

=
m

j jj

n

i iijj

kywkt

kxvks

1

0

[ ] ( )( )
[ ] ( )( )kdvakx

kdkx

iii ===
==

/Prln
Prln0

ProbabilisticProbabilistic
neuralneural networknetwork



TypesTypes ofof structuresstructures

a. b.

c. d.

Partially heterogenous
Synchronous

Fully heterogenous
Synchronous

Heterogenous
Asynchronous

Homogenous
Synchronous



ConceptsConcepts



ConceptsConcepts andand granulesgranules (1)(1)
A A conceptconcept isis anan element element drawndrawn fromfrom a a 
parameterizedparameterized conceptconcept spacespace
By a By a properproper settingsetting ofof parametersparameters we we choosechoose
thethe rightright conceptconcept
We do not We do not demanddemand thatthat allall conceptsconcepts comecome
fromfrom thethe same same spacespace



ConceptsConcepts andand granulesgranules (2)(2)
OurOur informal definition of a concept space can be informal definition of a concept space can be 
referred toreferred to the notion of an the notion of an information granule information granule 
systemsystem SS=(=(GG,,RR,,SemSem))
GG is a set of parameterized formulas called is a set of parameterized formulas called 
information granulesinformation granules
RR is a parameterized relationis a parameterized relation structurestructure
SemSem is the semantics of is the semantics of GG in in RR



ConceptsConcepts andand granulesgranules (3)(3)
In In ourour approachapproach, w, we focus on thee focus on the concept concept 
parameterization andparameterization and, , especiallyespecially, on , on thethe ability of ability of 
parameterized constructionparameterized construction of of thethe new concepts new concepts 
from the othersfrom the others
OOurur understandingunderstanding of a concept space can be of a concept space can be 
regarded as equivalent toregarded as equivalent to anan informationinformation granule granule 
systemsystem
TThe terms he terms „„conceptconcept”” and and „„granulegranule”” maymay be used be used 
exchangeablyexchangeably



WeightedWeighted compoundcompound conceptsconcepts (1)(1)

By a By a weighted compound conceptweighted compound concept spacespace CC we we 
mean a space of collections of mean a space of collections of subsub--conceptsconcepts
from some from some subsub--concept spaceconcept space SS, label, labellled with ed with 
thethe concept parametersconcept parameters from a givenfrom a given space space VV::

CC = = UU XX ⊆⊆ SS { ( { ( s,vs,vss ) : s ) : s ∈∈ XX , , vvss ∈∈ VV }}



WeightedWeighted compoundcompound conceptsconcepts (2)(2)

For a givenFor a given compoundcompound conceptconcept
c = { ( c = { ( s,vs,vss ) : s ) : s ∈∈ XXcc , , vvss ∈∈ VV }}

thethe subsetsubset XXcc ⊆⊆ SS is the is the rangerange of cof c
PParametersarameters vvss ∈∈ VV reflect relative importance of reflect relative importance of 
subsub--conceptsconcepts s s ∈∈ XXcc within within cc



ExampleExample 11
LetLet usus considerconsider thethe ensemble ensemble ofof classifiersclassifiers
workingworking on on thethe same datasame data
AnswerAnswer ofof eacheach classifierclassifier: : thethe set set ofof decisiondecision
valuesvalues andand correspondingcorresponding beliefbelief coefficientscoefficients
DECDEC –– thethe set set ofof decisiondecision valuesvalues
WDECWDEC –– thethe familyfamily ofof setssets containingcontaining decisiondecision
valuesvalues andand beliefbelief coefficientscoefficients



ExampleExample 22

LetLet usus considerconsider thethe rulerule basedbased systemsystem
DESCDESC –– thethe familyfamily ofof rulerule descriptionsdescriptions
RULSRULS –– thethe familyfamily ofof decisiondecision rulerule setssets
EveryEvery decisiondecision rulerule isis compoundcompound ofof::

its description ( in DESC )
its decision characteristics ( in WDEC )
its importance ( V = R )



ConceptConcept NetworksNetworks



ConceptConcept hierarchy hierarchy RULSRULS--WDECWDEC



Neural Neural conceptconcept schemescheme

CC = { = { CC11 , ... , , ... , CCnn , , C C } } is a collection ofis a collection of concept concept 
spacesspaces ( ( CC is the target is the target spacespace ))
MAPMAP = { = { mapmapii : : CCii →→ CCi+1i+1 } } isis a a collectioncollection ofof
conceptconcept mappingsmappings, , whichwhich areare thethe functionsfunctions linkinglinking
thethe consecutiveconsecutive conceptconcept spacesspaces
LINLIN = { = { linlinii : : P(P(CCii ××WWii) ) →→ CCi+1i+1 } } isis a a collectioncollection ofof
generalizedgeneralized linearlinear combinationscombinations withwith respectrespect to to WWii

ACTACT == { { actactii : : CCii →→ CCii } } is is a a collectioncollection of activation of activation 
functions, which can be used to relatefunctions, which can be used to relate the inputs to the inputs to 
the outputs within each the outputs within each ii--thth layer of a networklayer of a network



TwoTwo waysways ofof conceptsconcepts’’ combinationcombination

We may either apply generalized linear combination inside
space Ci or use generalized (weighted) concept mapping



TwoTwo waysways ofof conceptsconcepts’’ combinationcombination

We may either apply generalized linear combination inside
space Ci or use generalized (weighted) concept mapping



ConceptConcept hierarchy hierarchy RULSRULS--WDECWDEC



Activation functionsActivation functions –– exampleexample
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ConceptConcept hierarchy hierarchy RULSRULS--WDECWDEC



Network errorNetwork error –– exampleexample

Distance between distributions h and dDistance between distributions h and d

is maximally equal to 1is maximally equal to 1
ItIt equalsequals 1 1 only if honly if h and d correspond to different and d correspond to different 
simplex vertices
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Derivative error in Derivative error in backpropagationbackpropagation
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DerivativesDerivatives

( )[ ]
[ ]

[ ]
( ) =⇒=

∑ =

sD
e

eks r

l
ls

ks

αα

α

α φφ
1

( )[ ] ( )[ ]( ) ( )[ ] ( )[ ]

( )[ ] ( )[ ] ( )[ ] ( )[ ]( )⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

−⋅⋅−

⋅−−⋅
⋅

rsrssrs

rssss

αααα

αααα

φφφφ

φφφφ
α

11

1111



ReferencesReferences
ŚŚllęęzak, D.; Szczuka, M.; Wrzak, D.; Szczuka, M.; Wróóblewski, J. blewski, J. 

FeedforwardFeedforward conceptconcept networksnetworks
In: Monitoring, Security, In: Monitoring, Security, andand RescueRescue TechniquesTechniques inin MultiagentMultiagent SystemsSystems, , 
Barbara Barbara DuninDunin--KKęępliczplicz, Andrzej Jankowski, Andrzej Skowron, Marcin Szczuka , Andrzej Jankowski, Andrzej Skowron, Marcin Szczuka 
((edseds.) .) AdvancesAdvances inin Soft Soft ComputingComputing, , SpringerSpringer--VerlagVerlag, Berlin, Heidelberg (2005), , Berlin, Heidelberg (2005), 
pp.281pp.281--292. 292. 

ŚŚllęęzak, D.; Szczuka, M.; Wrzak, D.; Szczuka, M.; Wróóblewski, J. blewski, J. 
HarnessingHarnessing classifierclassifier networksnetworks -- towardstowards hierarchicalhierarchical conceptconcept constructionconstruction,,
S. S. TsumotoTsumoto et al. (et al. (EdsEds.): .): RoughRough setssets currentcurrent trendstrends inin computingcomputing, RSCTC 2004, , RSCTC 2004, 
LectureLecture Notes Notes inin ArtificialArtificial IntelligenceIntelligence 30663066 (2004), Springer, pp.554(2004), Springer, pp.554--560. 560. 

Szczuka, M.; Szczuka, M.; ŚŚllęęzak, D.; Wrzak, D.; Wróóblewski, J. blewski, J. 
ConstructingConstructing extensionsextensions ofof bayesianbayesian classifiersclassifiers withwith useuse ofof normalizingnormalizing neuralneural
networksnetworks, , 
In: N. In: N. ZhongZhong, Z. Ra, Z. Raśś, S. , S. OhsugaOhsuga ((EdsEds.): .): InternationalInternational SymposiumSymposium on on 
MethodologiesMethodologies for for IntelligentIntelligent SystemsSystems ISMIS, ISMIS, MaebashiMaebashi, , JapanJapan, , OctoberOctober 2828--31, 31, 
2003, 2003, LectureLecture Notes Notes inin ArtificialArtificial IntelligenceIntelligence 28712871, (2003), Springer. , (2003), Springer. 

ŚŚllęęzak, D.; Wrzak, D.; Wróóblewski, J.; Szczuka, M. blewski, J.; Szczuka, M. 
NeuralNeural networknetwork architecturearchitecture for for synthesissynthesis ofof thethe probabilisticprobabilistic rulerule basedbased
classfiersclassfiers,,
In: In: ProceedingsProceedings ofof thethe WorkshopWorkshop on on RoughRough SetsSets inin KnowledgeKnowledge Discovery Discovery andand
Soft Soft ComputingComputing atat ETAPSETAPS��2003, 2003, AprilApril 1212--13, 13, WarsawWarsaw UniversityUniversity, 2003, pp.250, 2003, pp.250--
262; 262; electronicelectronic versionversion inin ElectronicElectronic Notes Notes inin ComputerComputer Science Science 8282(4), (4), ElsevierElsevier
2003 2003 



Thank you!Thank you!


	An Insight into Some Aspects of Rough-Neurocomputing
	Contents
	What is Neurocomputing anyway?
	Our idea of neurocomputing
	Rough SetsandArtificial Neural Networks
	What do they bring to the table?
	From RS to ANN
	ANNs for RS
	Rough Neurons
	Rough-Neurocomputing
	Rough-Neural Computing vs. Rough-Neurocomputing
	Rough-Neurocomputing Revisited
	Classification of complex objects
	The concept synthesis – example
	Probabilistic neural network
	Types of structures
	Concepts
	Concepts and granules (1)
	Concepts and granules (2)
	Concepts and granules (3)
	Weighted compound concepts (1)
	Weighted compound concepts (2)
	Example 1
	Example 2
	Concept Networks
	Concept hierarchy RULS-WDEC
	Neural concept scheme
	Two ways of concepts’ combination
	Two ways of concepts’ combination
	Concept hierarchy RULS-WDEC
	Activation functions – example
	Concept hierarchy RULS-WDEC
	Network error – example
	Derivative error in backpropagation
	Derivatives
	References
	Thank you!

