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Kurzfassung

SpikendeNeuronaleNetzwerke werdenaufgrundihrer verbessertenFlexibilität und
erhöhtenAnzahlvon Freiheitsgradengernealsein neuesBerechnungs-Paradigmaan-
gesehen– sie stellendendirektenNachfolgerder KünstlichenNeuronalenNetzwer-
ke dar. Obwohl die EigenschaftendiesesneuenTyps NeuronalerNetzwerke derzeit
nur in begrenztemMaßebekanntsind, ist er dennocheindeutigleistungsfähigerals
seinVorgänger;außerder möglichenSimulationKünstlicherNeuronalerNetzwerke
in Echtzeitkönnenneue,zuvor unbekannteBerechnungselementein der Modellie-
rung verwendetwerden.Allerdings erfordernaktuelleImplementierungzur Simula-
tion SpikenderNeuronalerNetzwerke bisherden EinsatzkontinuierlicherSimulati-
onstechniken,durchdie Skalierbarkeit auf großeNetzwerke mit vielenNeuronener-
schweren.

DieseDiplomarbeitführt ein neuesModell für SpikendeNeuronaleNetzwerke ein,
welchesdie Anwendungvon schneller, diskreter ereignisbasierterSimulation er-
laubt; dadurchentstehenmöglicherweiseenormeVorteile in Flexibilität und Ska-
lierbarkeit, ohnedie qualitative Berechnungsleistungzu mindern.Das neueModell
wurdeaußerdemin einemPlattform-unabhängigen,in Java geschriebenenPrototyp-
Simulationsframework implementiert.Durchdie ausschließlicheVerwendungdiskre-
ter ereignisbasierterSimulationbeweist dasFramework die Funktionsfähigkeit des
neuenKonzepts– es wurde bereitserfolgreich zur Emulation von Standardtypen
KünstlicherNeuronalerNetzwerke sowie zur Simulationeinesbiologischinspirier-
tenFilter-Modellseingesetzt.Die ResultatedieserSimulationenwerdenin folgenden
KapitelnpräsentiertundmöglicheRichtungenfür zukünftigeWeiterentwicklungenan-
gegeben.ZusätzlichwerdeneinigeerweiterteTechnikenbezüglichdesEinsatzesdis-
kreterereignisbasierterSimulationangegeben,um die durchdasneueKonzeptent-
standenenMöglichkeitennutzenzukönnen.



Abstract

SpikingNeuralNetworksareconsideredasanew computationparadigm,representing
thenext generationof Arti�cial NeuralNetworksby offering more�e xibility andde-
greesof freedomfor modelingcomputationalelements.Althoughthis typeof Neural
Networks is rathernew andthereexistsonly a vagueknowledgeaboutits features,it
is clearly morepowerful thanits predecessor, not only beingableto simulateArti�-
cial NeuralNetworks in real time but alsooffering new computationalelementsthat
werenot availablepreviously. Unfortunately, the simulationof Spiking NeuralNet-
works currently involves the useof continuoussimulationtechniqueswhich do not
scaleeasilyto largenetworkswith many neurons.

In this diploma thesis,a new model for Spiking Neural Networks is introduced;it
allows the useof fastdiscreteevent simulationtechniquesandpossiblyoffers enor-
mousadvantagesin termsof simulation�e xibility andscalabilitywithout restricting
the qualitative computationalpower. As a proof of concept,the new modelhasbeen
implementedin a prototypesimulationframework, written platform-independentlyin
Java.Thissimulationframework utilizessolelydiscreteeventsimulationandhasbeen
successfullyusedto emulatetypical Arti�cial NeuralNetworksandto simulatea bi-
ologically inspired�lter model.Theresultsof theconductedexamplesimulationsare
presentedandpossibledirectionsfor futureresearcharegiven.Additionally, a few ad-
vancedtechniquesregardingthe useof discreteevent simulation,which offers some
new opportunities,areshortlydiscussed.
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Chapter 1

Intr oduction and Overview

Currentlythetechnologyof NeuralNetworksisundergoingachange;anew generation
of NeuralNetworks is on thevergeof becomingimportantfor theoreticalconsidera-
tionsaswell aspracticalapplications.At themoment,NeuralNetworksaresuccess-
fully usedfor severalapplicationdomainsin computerscience,typically for: pattern
recognitionsuchasspeechrecognition,speakerrecognition,facerecognition,etc.;pat-
tern classi�cationsuchasquality assurance,stockindex prognosis,creditworthiness
rating, etc. Suchnetworks are formal computationalmodelsinspiredby biological
NeuralNetworkslike thehumanbrain.But recentbiologicalevidenceled to thecon-
clusionthat currentArti�cial Neural Networks(ANNs) may not be very well suited
for fastinformationprocessing[TFM96], which is neededwhentrying to recognizeor
classifylivedatainput.Oneof thereasonsmightbethatcurrentANNs modelonly one
aspectof theinformationtransmissionswhich take placein naturalNeuralNetworks,
namelythe �ring rateof Neurons[Zel94]. However, biological experimentsshowed
thatthevisualsystemin thehumanbraintransmitsat leastsomeinformationin theex-
act timing of singleelectricalimpulses,known asspikes.Whenaveragingover those
spikes for computingthe �ring rate,muchof the encodedinformationwill be lost.
To modelthe temporalaspectof informationtransmission,SpikingNeural Networks
(SNNs)have beendeveloped;this mathematicalmodelof NeuralNetworksexplicitly
modelsthe exact timing of singlespikes.Unfortunatelycurrenttechniquesfor sim-
ulating SNNs needtoo much computingpower to be usedin practicalapplications
wherecomputationis in themainpointof view, creatingtheneedfor bettersimulation
techniquesof thismathematicalmodel.
At themoment,thereexist a few simulationtools thatcanbeusedto modelandsim-
ulate SNNs; amongthe most popularis GENESIS, the General Neural Simulation
System[BB94]. But this systemhasbeendevelopedto simulatethe basicelements
known in neuro-scienceat a level of greatdetail,modelingeachneuronwith possibly
multiplesections,namedcompartments,andmodelingthecompartmentbehavior with
neuro-electricalequations.Thus,it is well suitedto simulatethe biological behavior
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very closely, allowing neuro-biologiststo conductresearchon thelevel of singleneu-
ronsor few interconnectedneurons.However, NeuralNetworks in computerscience
applications– alsoin embeddedsystemshiding theirusage– areusedatanotherlevel
of abstraction;thesedifferentmodelsof SNNscanbe seenasa multi-stratasystem
[MT75] (alsocf. [Pic00a]). GENESISimplementsa modelthat lies beneaththe level
of topology, behavior and learning.It canbe usedto simulatethis level, but it was
not developedfor this purposeandis thereforejust barelyquali�ed for it. To conduct
researchon the topology, behavior and learningof SNNs,which is the “computer-
scienceandinformationtheory level” asopposedto the “neurobiologylevel”, more
abstractmodelsareneeded.Underthis circumstance,it is moreimportantto simulate
large populationsof neuronstogetherwith their interactionsthan to simulatesingle
neuronsin detail.
In orderto doso,thisdiplomathesistriesto utilize thetechniqueof discreteeventsim-
ulation[ZPK00] – by approximatingall usedfunctionswith piecewiselinearfunctions
– to computeSNNs,possiblyoffering anenormousincreasein bothsimulationspeed
andscalability. Using discreteevent simulation,only thosepartsof an SNN that are
active at a given time needto besimulated,concentratingon the importantpointsof
thesimulationandthusallowing thesimulationof largerandmoresophisticatedNeu-
ral Networks.Within thepresentthesis,theaim is to constructa prototypesimulation
framework that canbe usedto easilyconductsimulationsof SNNsby only de�ning
thenetwork structure.Theincreasein simulation�e xibility, speedandscalabilityshall
enablethe useof the next generationof NeuralNetworks – the Spiking NeuralNet-
works– in practicalapplications,offering morepotentialfor self-learningbehavior in
commonlyusedsoft- andhardwaretools.

In chapter2 thetheoreticalfoundationsonwhichthisthesisbuildsuponareintroduced.
After summarizingthe history of the developmentof NeuralNetworks andgiving a
motivationfor researchonSNNs,themostimportant,currentlyusedmodelsfor SNNs
anddiscreteeventsimulationarepresented.Although,for the �rst time thesemodels
wereintroducednearly10 yearsago,to theauthor's bestknowledge,this seemsto be
the�rst attemptto unify them– to applydiscreteeventsimulationto SNNs.A formal
modelallowing this application,which hasalreadybeenpresentedin [MAP+ 02], is
thoroughlyintroducedin chapter3. Oneof the basicabstractionswhich allows ef�-
cientsimulationis theusageof piecewiselinearfunctions.To allow formalstatements
in thenew model,aspecialnotationfor calculationswith piecewiselinearfunctionsis
presented,followedby therespectiveformulationof thefunctionsusedin themodelof
SNNs.Sincethemaintaskin discreteeventsimulationis to calculatethetimeswhen
eventsarise,analgorithmfor calculatingneuron�ring timesin lineartimecomplexity
hasbeendeveloped.This formalmodelis completedby thedescriptionof codingcon-
vertersat thenetwork in- andoutputsandadiscussionabout�rst learningalgorithms.
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Sincethe secondaim of this diplomathesis– in additionto the developmentof the
aforementionedformal model– is thecreationof a prototypesimulationframework;
this implementationof the model in Java codeis describedin chapter4. However,
thedescriptionis restrictedto thestructuralandfunctionalconcepts,detailsareonly
shown whereappropriateandnecessaryfor an understandingof the inner concepts.
A detaileddescriptionof all implementedcomponentscanbe found in the form of
Javadocdocumentation,which is generateddirectly from theaugmentedJava source
codeand is accompanying this diploma thesis.Currently, the prototypesimulation
framework implementsthehandlingof spikeeventsat theneuronalandsynapticlayer
andenablesto build networksof neuronsandsynapses.Furthermore,it containsvisu-
alizationcomponentstogainanoverview of theinnernetworkoperations.Eventhough
theframework currentlyis only in thestateof beinga prototypeandmostlyactsasa
proofof concept,it alreadyworksverywell for someexamplesimulationsandis well
suitedasthebasefor conductingresearchondiscreteeventsimulationof SNNs.Based
ontheMOSAIC simulationframework andwrittenin theJavaprogramminglanguage,
theprototypesimulationframework is completelyindependentof thehardwareandthe
operatingsystem– but currentlynotespeciallyoptimizedwith respectto runningtime.
Thedevelopedprototypesimulationframework wasusedto performafew simulations
of SNNswith discreteevent simulation.The structureandresultsof theseexamples
arepresentedin chapter5; four differentexampleshave beenconstructedto show the
capabilitiesof thesimulationframework. After that,a few ideason the futuredevel-
opmentare given in chapter6: First of all, it might be advantageousto apply sys-
temtheoreticalmethodsto SNNsby constructingthemin a hierarchicalway, forming
componentsfrom simplerpartswith clearlyde�nedinputandoutputbehavior. Thisap-
proachmighthelpin masteringthecomplexity of largeandpowerful NeuralNetworks.
Then,to make learningalgorithmsmore�e xible andpossiblybetterin solvinggiven
problems,the supportto createandremove simulationcomponentsduring run-time
is explained.Becausethe simulationof large SNNsin real time might not be possi-
bleoncurrentsingleprocessorsystems,a few approachesonparallelizingthediscrete
eventsimulationaresummarized.Finally, a shortdiscussionabouttheapplicationof
learningalgorithmsthatuseonly locally availableinformationandtheir relationto the
biological interpretationcompletesthis terselist of ideasfor possiblefuture research
topics.
Chapter7 then gives a summaryof the whole thesisby drawing conclusionsand
presentsamorespeculative futureperspectiveconcerningtheusageof SNNs.

It shouldbepointedout that this diplomathesisis not aboutneurobiology. Although
somedetailsof the biological modelof NeuralNetworks arepresentedandSpiking
NeuralNetworksareinspiredby biology, themain intereststemsfrom computersci-
enceand information technology– to show what canbe donewith biologically in-
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spiredcomputationalmodels.Many of the detailsfrom biological modelshave been
intentionallyabstractedto allow ashift to ahigherlevel, wherethesimulationof large
populationsof neuronsis possiblewith currentcomputingresources.
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Chapter 2

Theoretical Foundationsfor Spiking
Neural Networks

2.1 Arti�cial Neural Networks

Arti�cial NeuralNetworks (ANNs) aresystemsfor informationprocessing,modeled
afterbiologicalNeuralNetworks like the humanbrain.All NeuralNetworks sharea
commoncharacteristic:the useof a large numberof simple,connectedinformation
processingelements(calledneurons)forming a network. The strengthof all Neural
Networkslies in their connections,whichcontainthestoredinformationandform the
processingstructureof thesystem.Anothermajorfeatureof NeuralNetworksis their
ability to learn.AlthoughNeuralNetworks act asan informationprocessingsystem,
they typically cannotbe“programmed”or “parameterized”[Zel94].
Insteadof this,NeuralNetworkslearntheir behavior. This learningcanbeperformed
usingeithersupervisedmethods,giving theNeuralNetworksinputvaluesandalsothe
respective desiredoutputvalues,or unsupervisedmethodswheretheNeuralNetwork
classi�es input valueson its own. During the learningprocess,a typical NeuralNet-
work not only storesthepresentedinput patternsto recognizethemin the future,but
alsoaccomplishesa generalizationsuchthatuntrainedinput patternsthatarecloseto
trainedonescanalsoberecognized.Therearequitesomeadvantagesof NeuralNet-
works in contrastto conventionalalgorithms(someitemsweretaken from [Zel94]),
dueto which they areawidely acceptedandsuccessfulcomputationalelement:

� As alreadymentioned,NeuralNetworkshave theability to learn,enablingthem
to computefunctionsfor which no formal, mathematicalrepresentationis cur-
rently known. In addition, they are able to representany function, simple or
complex, linearor non-linear;they areuniversalapproximators[Kol57].

� Additionally, they aremorefault-tolerantthanotheralgorithmsbecausesmall
changesin the input valuesnormally causeno changesin the outputvaluesat
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all. NeuralNetworkscanalsoadaptto thefailureof singleor multipleNeurons,
allowing thewholesystemto still beef�cient enoughwhensomepartsfail.

� Furthermore,due to their inherentlyparallel nature,very high computational
ratescanbeachievedwhenNeuralNetworksareimplementeddirectly in hard-
wareor simulatedusingparallelalgorithms(seesection6.3).

� Another major advantagefor someapplicationsis that information in Neural
Networksis storedassociatively; i.e. it is muchsimplerto recallapatternthatis
closeto theinputpatternthanit wouldbewith randommemorymachines.

� Due to the automaticclassi�cation and generalizationof input patterns(that
someNeuralNetwork typesarecapableof), sensibledefault valuesareauto-
maticallychosenfor incompletelyspeci�edinputpatterns.

But, ashelpfulNeuralNetworksarein somesituations,they alsohavesomedisadvan-
tages:

� A NeuralNetwork typically behavesasa black box in the systemtheoretical
sense[PS90]; whengivenaninputvalue,thenetwork producesanoutputvalue.
But in thegeneralcaseit will not bepossibleto deducethebehavior of thenet-
work from its internalparameterswithout completelysimulatingit. This makes
it dif�cult, if notevenimpossible,to validateNeuralNetworksfor their correct-
nessin solvingagivenproblem.

� Gainingknowledgewithin a NeuralNetwork is – in many cases– impossible
withoutusingtime-intensive learningalgorithms.Currentlythereareonly a few
approachesfor equippingNeuralNetworkswith “instincts” (see[SO01]); these
would bea kind of basicknowledgethathelptheNeuralNetworks in theearly
stagesof their learning.

� Currently, almostall of the recentlyusedlearningalgorithms(including the
Backpropagationlearningrule)areslow in spiteof many optimizations.

Dueto thesereasons,NeuralNetworksshouldnotbeusedfor applicationswheregood
deterministicsolutionsalreadyexist. However, therearemany applicationdomainsin
whicheithernodeterministicsolutionis currentlyknown (or in whichnosuchsolution
is possibledueto someintrinsic properties)or in which the deterministicsolutionis
not feasible(e.g.dueto runningtime).

Therearea few motivationsfor theoreticalresearchon NeuralNetworks.An obvious
oneis toachieveadeeperunderstandingof thebehavior of biologicalsystemsby trying
to reproducesomeeffectsin simulations.Anothermotivation is thatANNs canlearn
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from given input andoutputvalues,thereforeenablingthe systemto calculatefunc-
tions for which no mathematicalrepresentationis known. A lessobvious motivation
for researchon NeuralNetworks,mainly from computerscienceandcomplexity the-
ory, lies in thefactthatthey aremassively parallelsystemsthatcanbeseenasparallel
algorithms.But oneof themaingoalsandpossiblythedriving forcefor many research
projectsmight still be thevision of an intelligentmachine;NeuralNetworksseemto
betheformalmodelthatcouldsupposedlybeableto reproducethe“intelligence”and
“consciousness”of ahumanbrain,howeverwechooseto de�ne theseterms.
Dependingonthemotivationfor lookingatNeuralNetworks,differentfeatureswill be
signi�cant. If thesystemis to beusedasa simulatorfor studyingeffectsin biological
systems,it will beessentialthatthearti�cial neuronsactlike their biologicalcounter-
partsascloselyaspossible.In contrast,if humanpsychologyor complexity theoryis
themainpointof view, thenthepropertiesof singleneuronsmightnotbeasimportant
as the numberof neuronsin the systemandthe connectionstructure(the topology)
of thenetwork. However, within this diplomathesis,thefocusis not researchon bio-
logical NeuralNetworks.Instead,thefocusis on showing that thenext generationof
ANNs, theSpikingNeuralNetworks(SNNs)canoffer advantagesfor almostall points
of view, makingthemaneffectivesuccessorof ANNs in currentapplications.

2.1.1 History

The history of (arti�cial) Neural Networks is almostas long as the history of pro-
grammablecomputersbuilt of transistors.The �rst papersdealingwith ANNs were
writtenover50yearsago,formingabasethatis still usedin currentresearch.
Thisshortsummaryof thedevelopmentof ANNs is asummaryof therespectivechap-
ter in [Zel94], extendedby thehistoryof SNNs.

� Early beginnings(1942– 1955):As early as1943the essay“A logical calcu-
lus of the ideasimmanentin nervousactivity” waswritten by WarrenMcCul-
loch andWalterPitts,describinga �rst form of NeuralNetworksbasedon the
“McCulloch-Pitts” neuron.It also showed that even simple classesof Neural
Networksarein principleableto calculatearbitraryarithmeticor logical func-
tions.Although no practicalapplicationwasgiven in this document,it hadan
in�uence on other, laterfamousresearchersincludingNorbertWienerandJohn
vonNeumann.PittsandMcCullochwroteanotherarticlenamed“How weknow
universals”in 1947,in which they discussedtheproblemof recognizingspatial
patternsinvariantof theirposition.
In 1949DonaldO. Hebbdescribedthe classicalHebbianlearningrule in his
book“The Organizationof Behaviour”. It representsa simpleconceptof learn-
ing for individual neurons.Hebb also usedthis rule for arguing resultsfrom
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psychologicalexperiments.In its universalform, this learningrule is the basis
for almostall known learningmethodsin thecontext of NeuralNetworks.Also
theconceptof cell assemblies,which arelaterallyconnected,mutuallyexciting
subsetsof neurons,tracesbackto Hebb.
Karl Lashley, a neuro-physiologist,statedin 1950in his work “In searchof the
engram”the thesisthat informationin thebrainmustbestoredin a distributed
representation.He cameto this conclusionby conductingexperimentson rats.
In theseexperiments,only theextentandnot thepositionof thedestructionof
neuralcellsdeterminedtheability to runthroughalabyrinth.Althoughtodaythe
ideaof a fully distributedinformationstoragehasbeendiscardedandwe know
that the brain featuresfunctionallydistinguishableareas,his work hada lot of
in�uence on thefollowing research.

� Firstsuccesses(1955– 1969):The�rst successfulneuro-computer“Mark I Per-
ceptron”wasbuilt in theyears1957–1958by FrankRosenblatt,CharlesWight-
manandemployeesat the MIT. It wasusedfor patternrecognitionproblems
andwasable to recognizesimplenumberswith a 20*20 pixel optical sensor.
Although Marvin Minsky hadalreadydevelopeda neuro-computerwith auto-
maticallyadjustingweightsin 1951(“Snark”, which heusedin his PhDthesis
in 1954),“Mark I Perceptron”had512motor-drivenpotentiometersfor hisvari-
ableweights.Besidesthis technicalachievement,FrankRosenblattbecamegen-
erallyknown for hisbook“Principlesof Neurodynamics”,whichwaspublished
in 1959.In thisbookhedescribesdifferentvariationsof theperceptronandalso
shows a proof that a perceptroncan learnevery function that canbe possibly
representedwith thenetwork by applyinghis learningmethod.
In 1958,OliverSelfridgepresentedin hiswork “Pandemonium”dynamic,inter-
active mechanismsfor solvingthepracticalproblemof Morse-Codetranslation
usingmodelsof humaninformationtransmissionandthehill climbing learning
method.
Karl Steinbruchshowedin 1961in his work “Die Lernmatrix” simpletechnical
realizationsof associativememory, thepredecessorof today'sneuralassociative
memory. They were constructedas technicalrealizationsof Pawlow's condi-
tional re�exes.Besidesa binary model therewasalsoa model for continuous
inputandlearningmethodsfor bothmodels.
BernardWidrow formedsometime after 1960the MemistorCorporation,the
�rst neuro-computingcompany. This company producedmemistors,elements
like transistorsbut for realizingtheadjustableweightsof anANN.
In theperiodbetween1955and1969,researchersthoughtthatthebasicprinci-
plesof self-learning,“intelligent” systemshave beendiscovered.This overesti-
mation,particularlyin themedia,led to thefollowing intermissionin popularity
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assoonasthelimits of theusedmodelsandlearningmethodsbecameclear.

� The silent years(1969 – 1982): In 1969 Marvin Minsky and Seymour Pa-
pert conducteda detailedmathematicalanalysisof the perceptronandshowed
that this modelis unableto representmany importantproblemsat all. Using a
few very simpleproblemslike the XOR-problem,the parity-problemand the
connectivity-problemthey wereableto show thatthepristineperceptronaswell
asdifferentvariantsareinherentlyunableto solve theseandrelatedproblems.
They alsoconcludedthatevenmorepowerful modelsthantheperceptronwould
have thesameproblemsandthatNeuralNetworkswould bea dead-end.Fortu-
nately, this conclusionis not correctaccordingto today's point of view. But at
a time of stagnationin the �eld of NeuralNetworks,this statementcausedthat
researcherswho wereworking on NeuralNetworksdid not receive any funding
for thenext 15years.
Although therewereno real breakthroughsduring this time, somefamousre-
searcherswereableto build upa lot of thetheoreticalfoundationsthatArti�cial
NeuralNetworksarebasedon today.
E.g.Teuvo Kohonenintroducedin 1972in his work “Correlationmatrix mem-
ories” a modelof a linear associator(a specialassociative memory)that uses
linearactivation functionsandcontinuousvaluesfor weights,activationvalues
andoutputs.
In 1974 Paul Werbosdevelopedthe backpropagation learningmethodin this
PhDthesis(which wasusedabout10 yearslaterdueto work by Rumelhartand
McClelland).
StephenGrossberg publishedanumberof papers,includingawork on theprob-
lem of letting a NeuralNetwork learnnew patternswithout destroying already
learnedones.He wasoneof the �rst to usesigmoidalactivation functionsand
nonlinearlateral inhibition. His modelsof Adaptive ResonanceTheory(ART)
arebestknown.
JohnHop�eld, a well-known physicist,wrotehis article“Neural Networksand
physical systemswith emergent collective computationalabilities” in 1982,
describingbinary Hop�eld-networks as the neuralequivalent to Ising-models
in physics. Two yearslater he enhancedhis model to continuousHop�eld-
networks.
Teuvo Kohonengot known especiallyfor his self-organizing maps(SOMs),
which he describedin this article “Self-organizedformation of topologically
correctfeaturemaps”in 1982.

� Renaissance(1985– today):In theearlyeightiesthe �eld of NeuralNetworks
wasrevived. It is often cited that JohnHop�eld hada major in�uence on the
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revival with hisarticle“NeuralComputationof Decisionsin OptimizationProb-
lems” in 1985,in which heshowedhow Hop�eld-networkscansolve the trav-
eling salesmanproblem.He alsopersonallyconvincedmany researchersof the
importanceof this researchtopic.
Another, maybestrongerin�uence was causedby the developmentand wide
publicationof thebackpropagationlearningmethodin 1986by Rumelhart,Hin-
ton andWilliams in “Learninginternalrepresentationsby errorpropagation” in
thebook“ParallelDistributedProcessing”publishedby RumelhartandMcClel-
land.Themethodwasalsodescribedin thearticle“Learningrepresentationsby
back-propagatingerrors”in Naturein thesameyear. Thebackpropagationlearn-
ing methodis – comparedto oldermethods– very fastandrobust for learning
patternsin multi-layer feed-forwardnetworks.Anotheradvantageis that it can
bedescribedin amathematicallyelegantwayasagradientdescentmethod.
In 1986 TerrenceSejnowski and CharlesRosenberg showed with “Nettalk: a
parallelnetwork that learnsto readaloud” an impressive applicationthat used
a feed-forwardnetwork trainedwith backpropagationto learnthepronunciation
of written singlewords in English.The network learnedthe pronunciationby
itself andthewholeprojectreacheda performancelevel almostasgoodasthe
knowledge-basedDECtalk-system(in which many man-yearsof development
wereinvested)afteronly a few weeksof work.
Since 1986, the �eld of Neural Networks has beendeveloping explosively:
the numberof researchersworking on this topic is currently a few thousand,
thereare many scienti�c publication journalswith Neural Networks as their
main topic, large recognizedscienti�c communitieslike INNS (International
NeuralNetwork Society),ENNS (EuropeanNeuralNetwork Society),a large
IEEE groupandgroupsof nationalcomputersciencecommunitieslike the GI
(Gesellschaftfür Informatik).
Since1986,thenumberof importantresearchersgrew toolargeto belistedhere.
Therearemany goodbookscoveringthehistorysince1986in full detail.

� The next generation(1995– today):Although ANNs have beenappliedvery
successfullyto arbitrarykindsof staticpatternrecognition,their applicationin
theprocessingor recognitionof dynamic,non-stationarypatternswasverydif�-
cult andunsolvedin many applicationdomains.To allow thegeneraladvantages
of NeuralNetworksto beappliedto embeddedsystems– wherethetemporalas-
pectof signalsandtheresponseof thesystemto externaleventsarein themain
pointof view – theneedof anew modelarose.
To thebestof theauthorsknowledge,modelsof NeuralNetworksthatarecom-
parableto the model of Spiking Neural Networks �rst appearedin 1995,al-
thoughsomeapproachesweremadea bit earlier (e.g. [GvH94, JA93, Wat94,
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HT87]).
It wasagain JohnHop�eld who madeanimportantstepin thetopic of integrat-
ing the temporalaspectof biological systemsinto Arti�cial NeuralNetworks
[Hop95]. But nearlyat thesametime, WolfgangMaasspublishedhis modelof
SNNs[Maa95, Maa96], which is alsousedin this diplomathesis.The author
wasunableto reconstructtheexactseriesof papersthat led to the introduction
of SpikingNeuralNetworks,but sincethat time it hasbeenanactive andfruit-
ful researchtopic (e.g.[GML99, Gel89, Gel90, Ruf98, Maa99a, RWdRvSB97,
Maa99b, Maa97b, RS98, Maa97a] andmany more).
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2.2 Spiking Neural Networks

Spiking NeuralNetworks (SNNs)areconsideredasthe third generationof arti�cial
neuralnetworks andtry to model the biological behavior moreclosely thanthe last
generation.AlthoughthecurrentlyusedArti�cial NeuralNetworks(ANNs) whichuse
the�ring rateof neuronsastheircomputationalelementhaveprovento beverypower-
ful for speci�c kindsof problems,somemajorpropertiesof biologicalneuralnetworks
areignored.Throughempiricalevidencefrom biologicalexperiments[TFM96] it be-
cameclearthatsomeeffectsandcomputationsof thehumanbrain[CBG01] cannotbe
carriedout by just usingthe�ring rateof therespective neuronsasinformationtrans-
mitter– additionally, theexacttiming of singlespikeshasto carryat leastsomeof the
transmittedinformation.
In thefollowing subsections,anintroductioninto theresearchtopicof SpikingNeural
Networkswill begiven.This introductionwill startwith amotivationfor themodelof
SNNs,followedby ashortexplanationof biologicalneurons.After that,a few models
of biologicalneuronswill besummarizedto lay thegroundsfor thedetailedde�nition
of theformalmodelof SNNsthatwill beusedasthebasisfor thisdiplomathesis.

2.2.1 Moti vation

ANNs arecurrentlyusedverysuccessfullyin someassortedsetsof applications,sothe
questionariseswhy thereis aneedfor SNNs?Thereseemsto bealimit onwhatANNs
areableto do andalthoughmany possibleextensionsof ANNs have beendeveloped,
they do not seemto comecloseto whatthehumanbraincando.Oneof theproblems
thatANNs cannotreally solve is thesimulationof theoscillationandsynchronization
effectsin thehumanbrain.Althoughsimulatingtheseeffectson itself might not gain
computationalpower, recentwork suggeststhatoscillationandsynchronizationmight
beof high importancefor partsof thevisionsystem[Hen02].
As alreadystatedin theintroduction,Arti�cial NeuralNetworkstypically encodethe
�ring rateof biologicalneuronsasrealnumberedvalueswhich areusedasinput and
outputvaluesof the neurons[Zel94]. However, thereis growing empiricalevidence
[TFM96] for theimportanceof thetiming of singlespikes.It hasbeenshown thatthe
humanbraincanprocessvisualpatternsin 150msec,whereabout10processinglevels
(neuronlayers)areinvolvedandneuronsin theseregionsof thehumanbrainusually
have a �ring rateof lessthen100Hz. Therefore,sinceusinga �ring ratecodewould
involveaveragingoverthe�ring timesof at least2 receivedspikes,theprocessingtime
availableto eachlayeris notsuf�cient for estimatingthe�ring rate– andthereforethe
outputvalues– of neurons.As a resultof theseobservationsit canbearguedthat the
computationhasto becarriedoutusingonly theinformationtransmittedwith the�rst
spike thatis �red by eachlayer.
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In principle,therearejust threedifferentpossibilitiescurrentlyknown in neurophysi-
ology for encodinginformationin suchspike trains[Ruf98]:

� ratecoding:Theessentialinformationof thespike train is encodedin the�ring
rates,whicharedeterminedby averagingoversometimewindow.

� temporalcoding:The timing of singlespikes,i.e. the exact �ring time, carries
theencodedinformation.

� populationcoding:Theinformationis encodedby theactivity of differentpop-
ulationsof neurons,i.e. thepercentageof neuronsconcurrentlyactive in a pop-
ulation.

As mentionedabove,ANNs aretypically limited to usinga simulationof ratecoding
by passingrealnumberedvaluesbetweentheneurons.However, this is not powerful
enoughto solve someof the problemsthat biological neuralnetworks solve easily
[Maa97b]. It is currentlynot clear if this is the main reasonwhy ANNs seemto be
unablefor solving somespecialproblems[CBG01], but SNNsoffer more�e xibility
while alsoallowing straight-forwardsolutionsof simplerproblems.
In the context of fast informationprocessing,temporalcodingseemsto be the most
importantcodingscheme.Therefore,thisdiplomathesismainlyfocusesonthiscoding
scheme;but all of thedevelopedprinciplesandtechniquescanbeapplieddirectly to
arbitrarycodingschemes- only the network inputsandoutputshave to be adapted
(seesection3.4), theinnernetwork structurecanremainunchanged.However, for the
simulationsdescribedin sections5.2and5.3 ratecodingwasused,which provesthat
the developedmethodsaswell asthe currentimplementationareindeedcompletely
independentof thecodingscheme.

Anotheradvantageof SNNsover ANNs is that they cansolve someof theproblems
that ANNs arecurrentlyusedfor with lessor simplerneurons.Oneexampleis the
simulationof RBF (RadialBasisFunctions)networks:whenanRBF network is to be
built asan ANN, the neuronshave to usespecialactivation functionsto achieve the
RBF effect. Therefore,anRBF network cannotbebuilt of thesameneuronsthatare
usedin a back-propagationnetwork. With SNNs,this behavior caneasilybeachieved
[Maa99a]. Moreover, SNNsasde�nedin thisdiplomathesisalreadycontainadditional
parametersthat can be usedas the centerof RBF neuronsin a very intuitive way.
Theseparametersarethe synapticdelays,which will be describedin moredetail in
section4.2.
Another, moretheoreticalexamplefor a problemthatcanbesolvedmoreeasilywith
SNNsis coincidencedetection.Coincidencedetectionmeansthe detectionof events
thatoccuratthesametimeor in ashorttimewindow. Whenusingtemporalcoding,the
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equivalentfor ANNs would beequalitydetection,i.e. detectingif two or moreinputs
have thesameor nearlythesamevalue.With ANNs, solvingthisproblemfor n inputs
needsat least n� 4

2 neurons[Maa97b], while with SNNsthis canbe achieved with a
singleneuronfor an arbitrarynumberof inputs.Although this might not be relevant
for practicalapplications,it shows thatSNNscanalsooffer advantagesfor problems
thatarealreadysolvablewith ANNs.
However, it remainsto beshown thattheadditionalcomplexity of SNNs– whichleads
to morecomplex simulationalgorithms– doesnot causemoreoverheadthanwhat is
gainedin termsof new �e xibility. The ultimategoal shouldalwaysbe to utilize the
availableprocessingpower mostef�ciently whensolving a given problem,so SNNs
have to competeagainstANNs in variousproblemareas.For SNNsto beadaptedfor
practicalapplications,they will needto be ableto solve new problemsandto solve
currentlyknown problemsmoreef�ciently , with additional�e xibility or with higher
solutionquality thenANNs – at leastfor someapplicationdomains.

2.2.2 Biological Neurons

Beforesomeoneis aboutto conductresearchon Arti�cial NeuralNetworks, it is al-
waysadvisableto look at the biological model,i.e. neuronsandneuronalstructures
of animalsandhumans.However, wheninspectingthosecomplex models,it quickly
becomesclearthat they do not have very muchin commonwith currentANNs; there
is simply too muchabstracted.The following part of this subsectionis summarized
from therespectivechaptersin [Zel94] and[Ruf98].
Nervouscells,thebasicpartsof thebrain,aredifferentfrom othercellsmostlyin their
shape,their type of cell membraneand their propertyto form bulges(Synapses) at
theirendsto connectto othernervouscells.Furthermore,they arenormallynotableto
reproducethemselvesby cell divisionanymoreaftertheembryonicphase.
In Fig. 2.1a typical neuronis shown schematically, includingits cell body(soma), its
inputs(dendrites) andits output(axon). Neuronsareconnectedto eachotherthrough
synapses. Essentiallythey operateon anelectro-chemicalbasis,wherethe interior of
a neuronis separatedfrom thesurroundingby a membranethatcontainsion channels
which arehighly speci�c to their respective sort of ions; onedistinguishesbetween
Na+ , K+ , Ca2+ andCl� channels.The potentialdifferenceacrossthe membraneis
calledthemembranepotential.It isnormallyin anequilibriumstatedueto thedifferent
concentrationsof theionsin theinteriorandtheoutside,whichcauseanosmoticpres-
sure,andthechargedisplacementopposingthisconcentrationgradient.Whenthereis
no input to theneuron,themembranepotentialwill reachtheso-calledrestingmem-
branepotentialErest whichis usuallybetween� 40and� 90mV dependingonthetype
of theneuron.Ion channelscaneitherbeactive or passive; passive ion channelshave
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Figure2.1:Schematicview of anervouscell (from [Ruf98], after[Arb89]).

Value
Averageoutputconnectivity ca.1000to 10000
(numberof connectionsto subsequentneurons)
Lengthof anaxon few mmto ca.1 m
Thicknessof anaxon 0.3to 1.3µm
Width of thesynapticgap ca.20nm
Numberof neurotransmittersin asynapticvesicle ca.1000to 10000
Durationof anervousimpulse(spike) ca.1 ms
Thicknessof theneuroncell membrane ca.5 nm
Restingmembranepotential -70mV
Amplitudeof anervousimpulse(Spike) ca.100mV
Electrical�eld of themembranein equilibrium ca.12000V/mm
Transmissionspeedin anaxon ca.120m/s
Speedof diffusionof neurotransmitters ca.2 mm/min
Transmissiontimeof asynapse ca.0.6ms
Membranecapacitance ca.1µF/cm2

Table2.1:Somenumbersaboutneurons(from [Zel94]).

a constantconductance,theconductanceof active onescanvary dependingon certain
factors.Whenthe membranepotentialreachessomethreshold,which is normally at
about� 30mV, a pulseis generatedthat propagatesalongthe axon(a spike). After a
spikehasbeengenerated(theneuronhas�r ed), it entersarefractoryperiodconsisting
of two parts:the absoluterefractory period in which no spike canbe generated(the
thresholdis in�nitely high)andtherelativerefractoryperiodin which thethresholdis
higher. Table2.1showsa few selectednumbersaboutbiologicalneurons.
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Figure2.2:Differenttypesof multi-polarneuroncells(from [KSJ91]).

It is commonlyassumedthathumanshave about100billions (1011) of neuroncells.
Although all of themaredifferentin their shape,they canbe classi�ed accordingto
theirstructureandregionin thebrain.Unipolar cellshave,besidestheirsomaandtheir
nucleus, only oneappendage,the axon.Bipolar cells additionallyhave onedendrite
andmulti-polar cellshave oneaxonandmany dendrites(seeFig. 2.2). Dendritesare
thin, tube-like andmostlyrami�ed appendagesof neuroncellswhichactastheinputs
of thecell.Forwardingtheelectricalimpulses(spikes)is donevia the– normallymuch
longer– axon.Theaxondiffersfrom thedendritesin its structureandthepropertiesof
its membraneandcanhave a lengthbetweena few millimetersandalmostonemeter
(cf. table2.1); but only in theendregionit startsto ramify into theaxonalarborization
(cf. Fig. 2.1). At the endof thoserami�cations end-bulbs, the synapses,areformed.
Usuallyhumanneuroncellshaveabout1000to 10.000of suchsynapsesto connectto
subsequentneurons,but somecellssuchasthePurkinjecellscanhave up to 150.000
synapses.Mostof theneuronsreceive input from about2000to 10.000otherneurons.
A spike thatis propagatedalongtheaxon�nally branchesto thesynapses,whichcon-
vertsthis pre-synapticspike to a post-synapticpotential(PSP), in�uencing themem-
branepotentialof thepost-synapticneuron. Sucha post-synapticpotentialcaneither
increasethemembranepotential,makingthe�ring of theneuronmorelikely – this is
calledanexcitatorypost-synapticpotential(EPSP) causedby anexcitatorysynapse, or
decreaseit, makingthe�ring lesslikely – this is calledaninhibitory post-synapticpo-
tential(IPSP) causedby aninhibitory synapse(seeFig.2.3for examplesof PSPs).The
strengthof thosePSPsdependson thestrengthof thesynapse,which mayvary over
time.As thesynapsesmaybeplacedeitheronthedendritictreeor directlyat thesoma,
PSPscaninteractin time andspace.Althoughin biologicalneuronsthereareseveral
othernon-lineareffectsinvolved in thePSPsin�uencing themembranepotential(for
detailsreferto [Ruf98, chapter2] and[Zel94, chapter2]), it is usuallyabstractedto the
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PSPssumminguplinearly in thesoma.Thisabstractionis theso-calledintegrate-and-
�r e neuron (IFN) modelor an extensionthereof,the leaky integrate and �r e neuron
model(LIFN, alsoreferto subsection2.2.3).
It is very importantto notethat the actionpotential(spike) is equalfor all neurons,
thereareno signi�cant differencesin theamplitudeor shape.Thereforea singlespike
cannottransmitany otherinformationthanthespace(of theaxon)andthetime(of the
�ring). In [Zel94, page42] andmany otherscienti�c papersandbooks,it is claimed
that the informationaboutthestrengthof theoutputsignalis codedin the frequency
anddurationof thespikes.However, it is questionablewhetherthis is indeedtrue.This
diplomathesisfollows the argumentationof variousotherauthorsandproposesthat
the exact timing of singlespikesalsocarriesimportantinformation(refer to subsec-
tion 2.2.1).
Thereexistsstrongevidencethatthebasisfor learningis formedby synapticplasticity,
i.e. thepossibility that thestrengthsof synapsesvary over time.DonaldO. Hebbwas
the�rst oneto addressthequestionon how synapticweightscanbemodi�ed to store
information.He postulatedthe nowadayscalled “Hebbian” learningin 1949 in the
following way [Heb49]:

Whenanaxonof cell A is nearenoughto exciteacell B andrepeatedly
or persistentlytakespart in �ring it, somegrowth processor metabolic
changestake placein oneor bothcellssuchthatA's ef�ciency asoneof
thecells�ring B, is increased.

Therefore,similar activation patternsin the pre-synapticand post-synapticneuron
strengthena synapse,which canbe formally written asthe Hebbrule for the modi-
�cation of aweightwAB for asynapsefrom neuronA to neuronB:

DwAB = h �VA �VB

whereh > 0 is the learningrateandVA andVB denotetherespective activities of the
neuronsA andB. For Hebbianlearning,all informationhasto be locally availableat
thesynapse;thereforetheinformationfrom boththepre-synapticandthepost-synaptic
neuronsneedsto be known. At the momentthereexist differentformulationsof the
Hebbrule,dependingon thetypeof interaction.For details,referto [Ruf98].
In the following section,a few mathematicalmodelsdescribingthebiologicalmodel
in variouslevelsof abstractionarelistedanda shortintroductioninto thebiologically
realisticHodgkin-Huxley modelis given.

2.2.3 Mathematical Model for Biological Neurons

Currentlytherearevariousmathematicalmodelswhich canbeusedfor modelingand
simulatingSpikingNeuralNetworks.Thesemodelsrangefrom thebiologically very
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Figure 2.3: Post synaptic potentials and action potential, picture taken from
http://www.cis.tugraz.at/igi/tnatschl/online/3rd_gen_ger/node1.html

realisticHodgkin-Huxley [HH52] andcompartmentalmodels,which usedifferential
equationsto modeltheelectricalpropertiesof neuronsvia theintegrate-and-�remodel
[Ger95, Tuc88] respectively the leaky integrate-and-�remodel to the rathersimple
spike-and-responsemodel [Ger98, GvH94] – all of themareusingspike timings as
theirprimarycodefor computation.Usuallythey aresimulatedcontinuouslywith �x ed
time-stepsbecauseof therepresentationof somemathematicalfunctionsin themodel,
especiallythe function modelingthe postsynapticpotentialgeneratedby synapses.
The post-synapticpotentialsarethe changesinducedto the neuronpotentialof their
subsequentneuron(thepost-synapticneuron);they aregeneratedby synapseswhen-
ever they receive a spike (from thepre-synapticneuron).Fig. 2.3 shows theshapeof
a spike (actionpotential)andan excitatory andan inhibitory postsynapticpotential
(EPSP, IPSP).

TheHodgkin-Huxley model– or anextensionthereof,thecompartmentalmodel– is
usedby somecurrentsimulationtools,suchasthe widely usedGENESISsimulator
[BB94]. Thefollowing descriptionof thesemodelsis a summaryof [Ruf98, chapters
2.2.1and9.1].
In 1952,HodgkinandHuxley conductedresearchon thesquidgiantaxonanddevel-
opedtheir Hodgkin-Huxley modeldescribingtheinitiation andpropagationof action
potentials.In theseaxons,the membranepotentialVm is dependenton the the pas-
sive ion channels(resultingin a leak conductancegl ) and active K+ and Na+ ion
channels(with voltage-dependentconductancesgK andgNa). The reversalpotentials
resultingfrom theion concentrationdifferencesareEl = � 54;3mV, ENa = 50mV and
EK = � 77mV, therestingmembranepotentialis aboutErest = � 65mV. TheHodgkin-
Huxley modelcanbe speci�ed asan equivalentelectricalcircuit describingthe time
dependenciesof theactive ion channelsandthe in�uence of theconductanceson the
membranepotentialVm. In Fig. 2.4 this equivalentcircuit is shown; it canbeformally
describedby
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Figure2.4:Electricalcircuit describingthemembranepotential(after[Ruf98]).

C
dVm

dt
= gl (El � Vm) + gNa(ENa � Vm) + gK(EK � Vm)

whereC is themembranecapacitance.The ionic currentsaredescribedby the terms
gi(Ei � Vm) whereasthe conductancegl is constantand gNa and gK are voltage-
dependent:

gNa = GNa � m3 � h

gK = GK � n4

whereGNa andGK areconstantsfor themaximumconductances.Thepropertythation
channelscanbeblockedis modeledby thetime-andvoltage-dependentstatevariables
m;n;h 2 [0;1]. A typical actionpotentialasgeneratedby theseequationsis shown in
Fig.2.5, parallelto thechangesof m, n andh. For details,referto [Ruf98] and[HH52].

This modelof the time-dependentfunctioningof the squidgiant axonhasbeenex-
tendedto allow thedivision of neuronsinto a �nite numberof interconnectedcompo-
nents,so-calledcompartments.Althoughanaxoncanalsobemodeledusingmultiple
compartments,it is normallynotneeded.But complex dendritictreesof someneurons
(suchasa GENESISmodelof a Purkinjecell consistingof 4550compartments)can
besimulatedbiologically very realisticallyusingtheextendedmodel.Theequivalent
circuit of acompartmentasshown in Fig. 2.6canbeexpressedby

Cm
dVm

dt
=
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Figure2.5: The trajectoriesof Vm andthe statevariablesduring the generationof an
actionpotential(from [Ruf98]).

Figure2.6:Electricalcircuit for abasiccompartment(after[Ruf98]).

For detailsthereaderis again referredto [Ruf98].

As the previous descriptionmight alreadysuggest,this biologically very realistic
model is too complex for solving problemsof mainly computationalnatureor for
theoreticalconsiderationson the computationalpower of differentnetwork models.
Therefore,in the next chaptera simpler, moreabstractmodelof SNNsis described
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which is bettersuitedfor thesetasks.

2.2.4 Mathematical Model for Spiking Neurons

In thisdiplomathesisthefollowing de�nition of spikingneuralnetworks,directlycited
from [Maa95], is usedasthebasisfor constructionamodelof SNNsthatis optimized
for fastsimulation:
AnSNNconsistsof:

� a �nite directedgraphhV;Ei (wereferto theelementsofV as“neurons” andto
theelementsof E as“synapses”)

� a subsetVin� V of inputneurons

� a subsetVout � V of outputneurons

� for each neuronv 2 V � Vin a thresholdfunctionQv : R+ ! R [ f ¥ g

� for each synapsehu;vi 2 E a responsefunction eu;v : R+ ! R and a weight
wu;v 2 R+

We assumethat the �ring of input neuronsv 2 Vin is determinedfrom outsideof the
SNN,i.e. thesetsFv � R+ of �ring times(“spike trains”) for theneuronsv 2 Vin are
givenastheinputof theSNN.
For a neuron v 2 V � Vin one de�nes its set Fv of �ring timesrecursively. The �r st
elementof Fv is inf f t 2 R+ : Pv(t) � Qv(0)g, and for any s 2 Fv the next larger el-
ementof Fv is inf f t 2 R+ : t > sandPv(t) � Qv(t � s)g; where thepotentialfunction
Pv : R+ ! R is de�nedby

Pv(t) := å
u 2 V

hu;vi 2 E

å
s2 Fu
s< t

wu;v � eu;v(t � s)

The�ring times(“spike trains”) Fv of the outputneuronsv 2 Vout that result in this
wayare interpretedastheoutputof theSNN.
Thecomplexity of a computationin an SNNis evaluatedby countingeach spike asa
computationstep.

This modelrepresentsa rathergeneralde�nition of SNNsandis relatedto biological
neuronsasfollows: theshapeof apostsynapticpotential(PSP)causedby anincoming
spike from neuronu is describedby the responsefunctioneu;v, whereeu;v(t) = 0 for
t 2 [0;du;v] with du;v modelingthedelaybetweenthegenerationof theactionpotential
andthetimewhentheresultingPSPstartsto in�uence thepotentialof neuronv.
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Currentlythe waysof simulatingsuchSNNsdiffer heavily from the way ANNs are
usedin today's applications.This is causedby the immanentcomplex behavior of
spikingneuronscomparedto therelatively simplebehavior of sigmoidalneuronsused
in ANNs. Sigmoidalneuronsusuallyonly sumuptheanaloginputvaluesthey receive
and utilize a sigmoid function to computetheir output value from this sum, while
spikingneuronstry to modelthe behavior andpartly the structureof biologicalneu-
ronsmoreclosely. Thereforespikingneuronsareoftensimulatedusingthebiologically
veryrealisticHodgkin-Huxley model,whichusesdifferentialequationsto describethe
shapeof neuronpotentialsandgeneratedspikes(seesubsection2.2.3). Thesedifferen-
tial equationsimposetheuseof continuoussimulationtechniques,wherethevaluesof
mathematicalfunctionsarecomputedat simulationtimeswith �x edor variabletime
steps.However, with this simulationtechnique,the innerstatesof neuronswhich are
inactiveatsomesimulationtimealsoneedto becomputed,resultingin badscalability
of thesimulationin termsof largenetworkswith many neurons.A bettersimulation
technique– concerningscalability– is the so-calleddiscreteevent simulationwhere
computationis only necessaryfor simulationelementsthat changetheir stateat the
currentsimulationtime.In largenetworkswhereonly asmallpercentageof neuronsis
activeatany giventime,discreteeventsimulationis expectedto besigni�cantly faster.

2.3 DiscreteEvent Simulation

Variouspartsof this chapterhave beentaken from the respective partsin the FWF
projectproposal“DEVS Simulationof Spiking NeuralNetworks”, to which Herbert
Prähoferhaskindly contributedmany correctionsandadditions.Themodelitself, the
extensionsandthedescriptionthereofhavebeensummarizedfrom [ZPK00].
Discreteevent simulation[ZPK00, BCN01, Ban98] is a techniquefor modelingand
simulatingsystemswherethesystembehavior is abstractedto discreteevents.In con-
trastto continuoussimulation,whereall systemstatesarecomputedfor thesimulation
time points(eitherwith �x ed or with variabletime steps),discreteevent simulation
calculatesthesimulationtimepointswhenthesystemstatesreachspeci�c values.
Discreteeventsimulationis a widely usedtechniquein suchdiverseapplicationareas
asperformanceevaluationof manufacturing,transport,communication,andcomputer
systems,veri�cation of VLSI systems,andothers.Thegreatbene�t of discreteevent
simulationcomparedto continuoussimulationor time discretesimulation[ZPK00] is
thatthebehavior of thesystemsis reducedto essentialevents.Simulationjumpsfrom
oneevent time to the next event time. Betweenevent times,no simulationhasto be
done.Moreover, systempartswhich are in a quiet phase,i.e, partswhereno events
occurat the time, do not have to besimulatedat all. Thesimulationcanberestricted
to theactiveareasof thesystem.
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In this way, discreteevent simulation has shown to have great bene�ts compared
to continuoussimulation.For example,discreteevent simulationallows to simulate
large VLSI systemsat the gate level for which no continuoussimulation is feasi-
ble. In [Moo96] the ideaof discreteevent simulationhasbeenadoptedfor simulat-
ing ecosystems,anapplicationareawhich is usuallymodeledwith partialdifferential
equationsandsimulatedwith computationallydemanding�nite differenceor �nite el-
ementmethods.Researchhasshown that thediscreteevent simulationtechniqueled
to simulationperformanceimprovementswith a factorof 100andmore.It allowedto
simulatemodelsof asizewhichneverhadbeentackledbefore[ZY96, ZD97].
Spiking neuralnetworks show similar characteristicsasthe applicationareasabove.
As shown in the next section,SNNscanbe modeledusingthe DEVS discreteevent
systemformalism[ZPK00]. Spikescannaturallybemodeledwith eventsignals.The
usualactivity patternsobserved in SNNs,wherespikesspreadin a restrictedareaof
thewholenetwork, shouldleadto dramaticperformanceimprovements.

Thefollowing classicDEVS systemspeci�cationis directly citedfrom [ZPK00], but
hasbeenslightly adaptedto matchthemodelextensionsbetter:
A discreteeventsystemspeci�cation(DEVS) is a structure

M = hX;Y;S;dint ;dext ; l ; tai

where

� X is thesetof inputvalues

� Y is thesetof outputvalues

� Sis a setof states

� dint : S! Sis theinternaltransitionfunction

� dext : Q� X ! Sis theexternaltransitionfunction,where

– Q = f (s;e) j s2 S;0 � e � ta(s)g is thetotal stateset

– e is thetimeelapsedsincelast transition

� l : S! Y is theoutputfunction

� ta : S! R+
0;¥ is thetimeadvancefunction

Theinterpretationof theseelementsis illustratedin Fig. 2.7. At anytimethesystemis
in somestate, s.If noexternaleventoccurs,thesystemwill stayin statesfor timeta(s).
Noticethat ta(s) couldbea real numberasonewouldexpect.But it canalsotake on
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Figure2.7:Overview over thepartsof theDEVSmodel(form [ZPK00]).

the values0 and ¥ . In the �r st case, the stay in states is so short that no external
eventscanintervene– wesaythats is a transitorystate. In thesecondcase, thesystem
will stayin s forever unlessan externaleventinterruptsits slumber. We saythat s is
a passive statein this case. Whentherestingtimeexpires,i.e., whentheelapsedtime,
e = ta(s), the systemoutputsthe value, l (s), and changesto statedint(s). Notethat
outputis onlypossiblejustbefore internal transitions.
If an externaleventx 2 X occurs before this expiration time, i.e., whenthesystemis
in total state(s;e) with e � ta(s), the systemchangesto statedext(s;e;x). Thus,the
internal transition function dictatesthe system's new statewhenno event occurred
sincethe last transition.The external transition function dictatesthe system's new
statewhenan external event occurs – this state is determinedby the input, x, the
current state, s, andhow long thesystemhasbeenin this state, e. In bothcases,the
systemis thenin somenew states0 with somenew restingtime, ta(s0); and the same
storycontinues.

Following theabovede�nition, thementionedleapingfrom onesimulationtimeto the
next canbe explainedeasily. An externalevent,suchasa spike beingreceived from
theoutsideof thenetwork, triggersaninternalstatechangewhichadvancesthesystem
from onediscretestateto anotherone.Thesamehappensfor internalevents,suchas
spikesthatare�red by a neuroninsidethenetwork. Thereforeit is never necessaryto
simulatethe trajectoriesof systemstatesbetweendiscreteevents.Instead,the power
of thesimulationsystemlies in theimplementationof thefunctionsdint(s), dext(s;e;x)
andta(s) whichdependheavily onthechosenstatevaluess2 S. Furthermore,thesys-
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temwill only produceoutputson statechanges(internalor external)usingtheoutput
functionl (s).

Therearea few extensionsto this classicDEVSmodelwith theparallelDEVSmodel
beingthemostadvanced[ZPK00]. However, for thisdiplomathesis,theparallelDEVS
model is not as importantbecausethe developedsimulationframework is currently
targetedtowardssequentialsingle-processormachines.However, a short discussion
aboutfuture enhancementsusing parallel simulationis given in section6.3. In the
following, two simplerextensionareshortlysummarizedwhich areof importancefor
theobjectorientedimplementationof thesimulationframework.
The�rst extensionis theclassicDEVSwith portsmodelwhichdiffersfrom theclassic
modelonly in thede�nitions of theinput,outputandstatesets:

MPorts = hX;Y;S;dint ;dext ; l ; tai

where

� X =
�

(p;v) j p 2 InPorts;v 2 Xp
	

is thesetof inputportsandvalues

� Y =
�

(p;v) j p 2 OutPorts;v 2 Yp
	

is thesetof outputportsandvalues

� Sis thesetof sequentialstates

This modelis moreconcretethantheclassicDEVS modelin thesensethat it makes
modelingeasierby introducingthenotationof �nite numbersof inputandoutputports
insteadof the abstractnotationof input andoutputsets.The secondextensionis the
classicDEVScoupledmodelwhich additionallyincludesthe meansto build models
from components;thisallows theformationof hierarchicalspeci�cations:

N = hX;Y;D; f Md j d 2 Dg;EIC;EOC;IC;Selecti

where

� X =
�

(p;v) j p 2 InPorts;v 2 Xp
	

is thesetof inputportsandvalues

� Y =
�

(p;v) j p 2 OutPorts;v 2 Yp
	

is thesetof outputportsandvalues

� D is thesetof componentnames

� componentsareDEVSmodels,for each d 2 D,

– Md = hXd;Yd;S;dint ;dext ; l ; tai is aDEVSwith
Xd =

�
(p;v) j p 2 InPortsd;v 2 Xp

	
,

Yd =
�

(p;v) j p 2 OutPortsd;v 2 Yp
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� externalinputcouplingconnectexternalinputsto componentinputs,
EIC � f ((N; ipN); (d; i pd)) j i pN 2 InPorts;d 2 D; ipd 2 InPortsdg

� externaloutputcouplingconnectcomponentoutputsto externaloutputs,
EOC � f ((d;opd); (N;opN)) j opN 2 OutPorts;d 2 D;opd 2 OutPortsdg

� internal couplingconnectscomponentoutputsto componentinputs,
IC � f ((a;opa); (b; i pb)) j a;b 2 D;opa 2 OutPortsa; i pb 2 InPortsbg
However, no directfeedbackloopsareallowed, i.e., no outputport of a compo-
nentmaybeconnectedto an inputport of thesamecomponent:
((d;opd); (e; i pe)) 2 IC ) d 6= e

� Select:2D � fg ! D, thetie-breakingfunction(usedin classicDEVSbut elimi-
natedin parallel DEVS)

Thepossibilitytoconstructcomplex modelshierarchicallystemsfromthenotationthat
componentsof the classicDEVS coupledmodelare themselvesDEVS (with ports)
models,whichof coursecanagainbeDEVScoupledmodels.
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Chapter 3

Model

The investigation of the potentialof SNNscanbe regardedasan openresearchis-
sue[RWdRvSB97] – their analysisrequirespowerful simulationsystemswhich al-
low to simulatelargenetworksof neurons.However, no suchsimulatorsarecurrently
available. The GENESISsimulator [BB94] is currently consideredas the standard
simulator for SNNs. It is a continuoussimulator working at the level of continu-
ous signalsand is primarily usedfor conductingresearchon biological neuralnet-
works. With its accuracy in emulatingbiological neuronsin detail, it is widely ac-
ceptedand often usedfor this task. But, due its simulationexecutiondemands,it
doesnot allow to simulatelarge networks for tackling mainly technicalproblems.
Other researchon SNNs also usecontinuoussimulationas analysistechnique(e.g.
[Ruf98, SM01, MN97, BB94, QC01, CBG01]). Becauseof the computationallyex-
pensive continuoussimulationtechnique,therewerequite someattemptsat making
thesimulationfaster[SM01, NT].
This diplomathesisproposestheadoptionof discreteeventsimulationtechniquesfor
building anSNN simulator. Discreteevent simulationabstractsfrom continuoussig-
nalsto eventoccurrencesand,by that,usuallyshowsdramaticreductionin simulation
executiontimeand/orincreaseof modelsize.SNNs,dueto theevent-likeoccurrences
of spikes,lendthemselvesnaturallyfor discreteeventsimulation.
In the following, a discreteevent modelfor SNNsis outlinedwhich shouldserve as
thebasisfor building anSNNsimulator.

The scienti�cally new conceptof this diplomathesis– which alreadyhasbeenpre-
sentedin [MAP+ 02] – is to combinetheSNNandDEVSmodelsto achievea �e xible,
fastandscalablesimulationof powerful SNNs.

To accomplishthis task,a new modelof SpikingNeuralNetworkswasdevelopedin
cooperationwith MichaelAffenzeller, HerbertPrähofer, GerhardHöferandAlexander
Fried.This novel modelhasbeendesignedespeciallyfor discreteeventsimulation.It
is basedon the integrate-and-�remodelandthemathematicalformalizationof Spik-
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ing NeuralNetworksintroducedin [Maa95] andcitedin subsection2.2.4, but doesnot
usecontinuousfunctionsfor modelingpostsynapticpotentialsandneuronpotentials.
Insteadof this,piecewiselinearfunctionsareapplied,whichoffer thepossibilityto ex-
actlyandeasilycalculatethe�ring timesof neuronsusingtheirpotentialandthreshold
functions.
In the next section,piecewise linear functionsasusedin this diplomathesiswill be
thoroughlyde�ned andtheadvantagesof theirapplicationwill beanalyzed.

3.1 Piecewiselinear functions

Theneuronwill �re whenever thevalueof its potentialis equalto or higherthanthe
valueof its threshold.Therefore,calculatingthenext �ring time is equivalentto cal-
culatingan intersectionbetweentwo piecewise linear functions,which canbe done
ef�ciently . It hasbeenshown in [Ruf98] thatspikingneuralnetworksusingpiecewise
linearfunctionsarereal-timeequivalentto aTuringmachine,i.e. thesimulationof one
computationstepof a Turing machineby anSNN constructedespeciallyfor this pur-
poseonly takesa �x edamountof computationstepswithin thatSNN. Therefore,the
useof piecewise linear functionsassynapticresponse,potentialandthresholdfunc-
tions describingthe inner neuronstateshouldnot affect the qualitative computation
power of SNNsnegatively. Nevertheless,simulationswill make it possibleto study
the PSPshape's quantitative in�uence on the computationalef�ciency of SNNs.By
theuseof piecewiselinearfunctions,our modelmakesit possibleto approximatethe
shapeof differentfunctionsascloselyasneededor wantedin differentapplications.
Additionally thereis a gain in �e xibility becausethereis no restrictionto mathemati-
cal functionswith a closedrepresentation.Currently, studyingtheeffectsof different
shapesof synapticresponsefunctionsis dif�cult becauseclosedrepresentationsof
thesefunctionshaveto befound(for thenumericintegrationtechniques– usedin con-
tinuoussimulations– to work).Within ournew model,thisrestrictionnolongerexists,
offeringneuro-biologistsmoredegreesof freedomin their studiesof neuralmodels.
Foref�cient handlingandcomputationsweuseaspecialoptimization:notrepresenting
thepiecewiselinearfunctionsby a list of time/valuetuplesfor thefunctionpointsbut
by a list of time/gradienttuplesfor thefunctionsegments.This optimizationhasbeen
suggestedby AlexanderFried.Furthermore,in this thesisthefunctionsarede�ned to
startandendatavalueof zero.
Therefore,apiecewiselinearfunction f (t) is de�ned asfollows:
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f :=


hsi ; l i i j si 2 R+

0 ; l i 2 R+ ; (8u;v) (0 < u < v < len( f )) su < sv
�

f (0) := 0

f (t) :=
k� 1

å
i= 1

( f s
i+ 1 � f s

i ) � f l
i + (t � f s

k) � f l
k

with k = maxi(si < t) (theindex of thelastgradientchangebeforethecurrenttimet).
f is a vectorof tupleshsi ; l i i wheresi areunique,strictly monotonicincreasingtime
valuesandl i aregradientvalues.Thegradientsarede�ned asthemultiplicandsin the
linearfunctionequations

y = l i � x+ di

Betweenthe time pointssi andsi+ 1 the function hasa constantgradientl i , s0 := 0,
f (0) := 0, l 0 := 0 andl m+ 1 := 0 for m beingthe numberof gradientchangesin f .
Theadditionalconstraintf (sm+ 1) := 0 mustbesatis�edto makethefunctionbounded.
Only the segmentshsi ; l i i for (i = 1; :::;m) needto be speci�ed to completelyde�ne
f (t) for all t, becausel m+ 1 is de�ned to bezeroandsm+ 1 (thetimewhenthefunction
again reachesa valueof 0) canbecomputedfrom theothervalues.Fig. 3.2shows the
shapeof suchapiecewiselinearfunctionwith 5 segments.
This makes it possibleto representa piecewise linear function consistingof N seg-
mentswith N time/gradienttuplesandalsooffersa wide rangeof possibleoptimiza-
tionsin thesimulation.
For working with piecewise linear function asde�ned in this section,the following
notationwill beused:

� f s
i denotesthestartingtime of the i-th segment(thetime valueof the i-th tuple

of thevector f )

� f l
i denotesthegradientof the i-th segment(thegradientvalueof the i-th tuple

of thevector f )

� f s denotesthesetof all startingtimevaluesin f , i.e. f s := f f s
i j 0 � i � len( f )g

� f l denotesthesetof all gradientvaluesin f , i.e. f l :=
n

f l
i j 0 � i � len( f )

o

3.2 Spiking Neurons

Furthermore,thisnovel modeltreatsneuronsandsynapsesasactiveelementsanduses
singlespike eventsfor modelingthe spikes that a neuronemits;only indicating the
exact �ring times but ignoring the shapeof spikes (which are also not modeledin
the widely usedintegrate-and-�remodel).As neuronsare not coupleddirectly but
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Figure3.1: The input synapsesof a neuronv receive spike eventsfrom neuronsu =
1; :::;n, thereforegeneratingtheinputvaluesof neuronv.

only via synapsesto eachother, it arethesynapsesthat receive thespike eventssent
by the neurons.Eachsynapsereceivesspike eventsfrom only oneneuron(the pre-
synapticneuron)andhasonly oneneuronto sendeventsto (thepost-synapticneuron).
Therefore,thenetwork formsabipartitegraphof neuronsandsynapseswith synapses
beingpositionedbetweenneuronsasshown in Fig. 3.1. This diplomathesisusesthe
notationthata neuronv receivesits input from neuronsu = 1; :::;n, which sendtheir
spikeeventsto therespective inputsynapsesof neuronv.
Thosesynapseshu;vi are,upon the receiptof a spike event from their pre-synaptic
neuronu, alsoresponsiblefor generatingthe post-synapticpotentialsin the form of
piecewiselinearfunctionseu;v(t) andforwardingthemto theirpost-synapticneuronv,
scaledby their speci�c synapticweightwu;v anddeferredby their synapticdelaydu;v.
Fig. 3.2 shows the input andoutputof a synapsewhich is generatingan excitatory
post-synapticpotentialdue to the receiptof a spike. After a neuronv hasreceived
a new post-synapticpotentialfrom oneof its input synapseshu;vi , it mergesit with
its currentlyvalid potentialPv(t) andrecalculatesif andwhenthe next �ring occurs
by calculatingthetime whenthepotentialfunctionPv(t) intersectswith thethreshold
functionQv(t). Theneuronthresholdis modeledasa time dependentfunctioninstead
of aconstantvalueto preventaneuronfrom instantly�ring againbecausethepotential
Pv(t) might still behigherthanthe thresholdvalue.Therefore,the thresholdfunction
Qv(t) is de�ned to be in�nite for sometime t v;ref (the so-calledabsoluterefraction
periodof theneuron)aftertheneuronv has�red, effectively preventingit from �ring
until the thresholdhasa �nite valueagain. After this absoluterefractionperiodends
at relative timet v;ref , theneuronenterstherelative refractionperiod,duringwhich the
thresholdfunctionrapidly approachesits constantvalueQv(0), which by de�nition is
reachedatrelativetimet v;end. In Fig.3.4the�ring of aneuronv dueto theintersection
of thepotentialandthethresholdfunctionsis shown.
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Figure3.2: Synapsefunctioning:The synapsegeneratesan excitatory post-synaptic
potential(EPSP)afterthereceiptof aspikeevent.

Following thede�nition in section3.1, thesynapseresponsefunctioneu;v(t) cannow
bewrittenas

eu;v(t) :=
ku;v� 1

å
i= 1

(es
u;v;i+ 1 � es

u;v;i) � el
u;v;i + (t � es

u;v;ku;v
) � el

u;v;ku;v

and eu;v(0) := 0, whereasku;v := maxi(es
u;v;i < t). Thereforethe current gradient

of eu;v(t) is denotedby el
u;v;ku;v

. If, after eachgradientchange,the function value
eu;v(es

u;v;ku;v
) is calculatedfor thesimulationtime directly beforethis change,thenthe

recursive form

eu;v(t) = eu;v(es
u;v;ku;v

) + (t � es
u;v;ku;v

) � el
u;v;ku;v

canbeused.
Theassumptionthateu;v(t) = 0 for t 2 [0;du;v], i.e. the initial synapticdelaybetween
the receiptof a spike from neuronu until the post-synapticpotentialstartschanging
the potentialof neuronv, canbe modeledeasilyby choosinges

u;v;1 = du;v (el
u;v;0, the

gradientwithin theinterval [0;es
u;v;1] is 0 by de�nition).
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Thepotentialof aneuroncannow bede�ned as

Pv(t) := å
u 2 V

hu;vi 2 E

å
su 2 Fu

su < t

wu;v � eu;v(t � su)

with Pv(0) := 0, whereV speci�es the setof neurons,E the setof synapsesandFu

thesetof �ring timesof theneuronu. ThereforethepotentialPv(t) is de�ned asthe
linearsumof all incomingPSPscausedby spikesfrom theneuronsu, whereasmultiple
PSPsfrom a singlesynapsehu;vi , startedat timessu 2 Fu, canbeactive (theresponse
functioneu;v(t � su) hasnot reached0 again)concurrently.
Insertingthede�nition of piecewiselinearfunctionsin Pv(t) yields:

Pv(t) := å
u 2 V

hu;vi 2 E

å
su 2 Fu

su < t

wu;v �

 
ku;v� 1

å
i= 1

(es
u;v;i+ 1 � es

u;v;i) � el
u;v;i + (t � su � es

u;v;ku;v
) � el

u;v;ku;v

!

However, computingthis formuladirectlyeachtimeanintersectionwith thethreshold
functionhasto becalculatedwould causetoo muchcomputationaleffort. Therefore,
it is oneof thekey pointswhereoptimizationis necessary. In this diplomathesis,the
following optimizationis proposed:Pv is kept as a statevariablewhich is initially
empty.

Pv(t) := hi for (8u) (u 2 V;hu;vi 2 E) Fu = /0

Whena neuronof the input setof v, i.e. a Neuronu for u 2 V andhu;vi 2 E, �res,
thenthenew responsefunctioneu;v(t � su) (post-synapticpotential)generatedby the
synapsehu;vi is mergedwith Pv; merging is simplydoneby addingtheresponsefunc-
tionsto thepotentialrecursively:

P
0

v(t) := Pv(t) + eu;v(t � su)

As thesefunctionsarebothpiecewiselinearasde�ned in section3.1, thesumof two
piecewiselinearfunctionsneedsto becalculated:

P
0

v = Pv � eu;v

Pv � eu;v :=

*

hsi ; l i i j si 2 Ps
v [ es

u;v;

(8 j;k) (0 < j < k < len(Pv � eu;v)) sj < sk;

l i =
dPv

dt

�
�
�
�
t! s+

i

+
deu;v

dt

�
�
�
�
t! s+

i

+
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with d f
dt

�
�
� t ! s+

i denotingthegradientof thefunction f at timesi , but usingthe“right”
gradient(with valuesin�nitesimally larger thansi) if f is not continuousat si . This
merge processcanbe donewith linear complexity for arbitraryprevious statesof Pv

andresponsefunctions– assumedthatboth functionsarevalid accordingto thede�-
nition andconstraintgivenin section3.1; calculatingthegradientvaluesas

l i = Pl
v; j + el

u;v;k

j = max
l

(Ps
v;l � si)

k = max
l

(es
u;v;l � si)

in theabovede�nition of thesumenablesanef�cient implementation.After themerge
process,thenew neuronpotentialis – in any case– again a piecewise linear function
following all constraintsgivenin section3.1(e.g.thevaluesP

0s
v;i areuniqueandstrictly

monotonicincreasingandP
0

v(P
0s
v;m+ 1) := 0).

Fig. 3.3shows anexamplewherea new responsefunctioneu;v(t � su) is mergedwith
thecurrentpotentialfunctionPv, generatingthenew potentialfunctionP

0

v.

Dueto thespecialinternalrepresentationof andconstraintson piecewiselinearfunc-
tions in the currentimplementation,it is possibleto usean extendedand very fast
variantof themerge-sortalgorithmfor combininga newly receivedpost-synapticpo-
tentialwith thecurrentneuronpotential(seesection4.2) whichcompletelyeliminates
theneedto sumupover theneuroninputsasit hasto bedonein thestandardintegrate-
and-�re model.

ThethresholdfunctionQv(t) is alsode�ned asapiecewiselinearfunctionas

Qv(t) :=

8
>>>>><

>>>>>:

¥ i f maxi(Qs
v;i) � t < maxi(Qs

v;i) + t v;ref

Qv;ref

� å lv� 1
i= 1 (Qs

v;i+ 1 � Qs
v;i) � Ql

v;i

+( t � Qs
v;l ) � Ql

v;l

i f
maxi(Qs

v;i) + t v;ref � t
< maxi(Qs

v;i) + t v;ref + t v;end

Qv(0) otherwise

whereQv(0) is someconstantvalue,Qs
v;i specifythe �ring timesof neuronv, Qv;ref

is the initial valueof Qv(maxi(Qs
v;i) + t v;ref ) after theabsoluterefractionperiodwith

Qv(t) = ¥ , lv denotesthenumberof gradientchangesandQl
v;i arethegradientswithin

theintervals[Qs
v;i;Q

s
v;i+ 1] (seeFig. 3.4).

The goal of discreteevent simulationis now to calculatethe simulationtimessv (in
Fig. 3.4speci�edastv for betterreadability)atwhich theneuronv will �re.
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Figure3.3:Merginganew post-synapticpotentialwith aneuron's potentialfunction.

3.3 Calculation of �ring times

To calculatethe simulationtime pointswhena neuronv will �re, it is necessaryto
calculatetheintersectionsbetweentheneuron's potentialandthresholdfunctions.As
boththepotentialandthresholdfunctionsarepiecewiselinear, this calculationcanbe
reducedto calculatingthe intersectionbetweenlinear functions.A linear function is
normallygivenas

y(t) = k� (t � e) + d

For uniquelyde�ning sucha function, only oneof the constantsd ande would be
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Figure3.4:Neuronpotentialintersectingwith thethresholdfunction.
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Figure 3.5: Calculatingthe intersectionbetweena neuron's potentialand threshold
functions.

necessary. But for simplifying the applicationof theseequationsto the intersection
algorithm,bothareused.To calculatethe intersectionbetweentwo suchfunctionsy1

andy2, onecanuse
d1 + k1 � (t � e1) = d2 + k2 � (t � e2)

or, aftermakingt explicit:

t =
d1 � d2 � k1 � e1 + k2 � e2

k2 � k1

Whencalculatingtheintersectionbetweentwopiecewiselinearfunction,it is suf�cient
to calculatethe intersectionsbetweeneachof the segments.The intersectionof the
piecewiselinearfunctionsis foundwhenthecalculatedtimet is insidethetime-frame
in which bothsegmentsarevalid. An exampleof this canbeseenin Fig. 3.5; in this
exampletheintersectionbetweentheneuronpotentialPv andtheneuronthresholdQv

occursin segment3 of Pv andsegment2 of Qv. Thus,whencalculatingtheintersection
timet betweenthosesegmentswith
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t =
xP;3 � xQ;2 � l P;3 � sP;3 + l Q;2 � sQ;2

l Q;2 � l P;3

theconditionxP;3 � t < xP;4 ^ l Q;2 � t < l Q;3 is met.This meansthattheintersection
time t is within thede�nition frameof thesegments(the time interval in which both
segmentsarevalid) andthereforeit is indeedanintersectionbetweenPv andQv.
WhenPv andQv arepiecewise linear functionsaccordingto thede�nition in 3.1 (the
importantrestrictionis that the tuplevectorsneedto besorted),thenthe intersection
timecanbecalculatedin lineartimecomplexity.

3.4 Network inputs and outputs

For an SNN to prove usefulin practicalapplications,thereis a needfor well-known
codingschemesat the inputsandoutputsof thenetwork. The temporalspike coding
scheme,transportinginformationwithin theneuralnetwork on theexact �ring times
of spikes,seemsto offer many bene�ts in termsof computationpower andcompact
codingof information.Nevertheless,at themomentthereexist practicallyno sensors
or actorsutilizing thiscodingscheme,soit cannotbeusedfor interactingwith thereal
world.Therefore,inputandoutputconverterswhichtransformtheexternalinformation
codingto spiketrainsat theSNNinputandthespiketrainsto theexternalcodingatthe
SNN outputareneeded.Effectively, this transformstheSNN into a blackbox whose
inneroperationsdonothave to beknown.
Additionally, theseconvertersoffer more�e xibility becausetheexternalandinternal
information coding schemesare decoupled.This enablesthe useof different spike
coding schemes,suchas temporalcoding, rate coding,populationcoding or much
morecomplex codingschemes(like fractal coding)without being forced to change
the external representationof information.It alsoeasesthe useof differentexternal
informationcodings,e.g.whenaddingadditionalsensorsor actorsfor interactionwith
theenvironment.

Currently, inputandoutputconvertersbetweenrealnumberedvectorsoutsidetheSNN
andtwo innercodingschemeshave beenspeci�ed: temporalcodingandratecoding.
The third known codingschemethat is usedin biologicalmodels,populationcoding
(referto subsection2.2.1), is currentlynotspeci�edin detail.Thefollowing de�nitions
have, asfar asapplicable,beenadaptedmainly from [Ruf98] becausethe input and
outputconvertersareindependentof theinnersimulationtechnique;theironly purpose
is to convertbetweenrealnumberedvaluesandsimulationtimes.

Temporalcodingis de�ned asfollows:Theinputneuronsu �res at simulationtimes

su = Tinput � d � xu
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wherexu speci�estherealnumberedvaluethatshouldbecoded,Tinput areferencetime
markingthe input valuezero,andd a commonscalingfactor. It hasbeenshown that
thiscodingschemecanbeusedto easilydetectequalityor near-equalityof values(see
[Maa97b]), simulateMcCulloch-Pittsneurons(see[Maa99b]), computeradial basis
functions(RBFs,see[Hop95]) andweightedsums(see[Ruf98]) aswell assimulat-
ing sigmoidalneurons(also[Ruf98]) andapproximatingany continuousfunction(see
[Ruf98], [Maa99b] and[Maa97a]).
Ratecodingis de�ned by

Dsu =
1
xu

The neuronu �res periodically with frequency xu whereasxu is the real numbered
valuethatshouldbecoded.By de�nition, theinputneuronu startsto �re at time

su;0 =
1
xu

for the�rst timeandthen�res at therecursively de�ned times

su;i+ 1 = su;i + Dsu:

This de�nition uniquelyde�nes the �ring timesof an input neuronu for a constant
input valuexu. It is not de�ned anddependenton the implementationhow the exact
�ring times are calculatedwhen the input value xu changesduring the simulation.
Usually Dsu will be modi�ed immediatelywhenxu changes,but the next �ring time
su;i+ 1 will be kept – the next �ring event will be executedasit hasbeenscheduled.
Only the�ring time afterthenext, su;i+ 2, will bein�uencedby thechanged�ring rate
assu;i+ 2 = su+ 1 + Dsu.

The network output converterswork accordinglyby receiving spike eventsat their
inputsandcomputingrealnumberedvaluesfor their outputs.Temporalcodedoutput
converterscalculatetheoutputvaluewith

xu =
Tinput � su

d

whereastheconstantscalingfactord shouldhave thesamevalueasusedin theinput
converter. If a referencespike at time Tinput is available,markingtheexact time point
with realnumberedvalue0, thenthis outputcodingis theexact inversionof theinput
coding,allowing thenetwork to useabsoluteinputandoutputvalues.However, if such
areferencevalueis notavailable,thentheoutputconvertermusttakethesmallestvalue
in the respective outputcycle (the time of the spike that hasbeenreceived latest)as
Tinput ; this resultsin someconstanterrorfor all outputvalues(scaledcorrectlybut not
having an absolutereferencepoint). This problemis inherentto the codingscheme,
which is basedon relative times(timedifferences).
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Ratecodedoutputconverterscansimply usethe last two receivedspikesto calculate
theoutputvalue(the�ring rate)with

xu =
1

Dsu
=

1
su;i+ 1 � su;i

:

3.5 Learning

Learningthe synapticweight valuesin this modelcanbe doneasin every otherim-
plementationof anSNNsimulation.E.g.in [Ruf98] a few methodsfor supervisedand
unsupervisedlearningin temporalcodingareexplained.Onesuchlearningrule for
supervisedlearningcanbeconductedwith only two spikesat eachsynapsehu;vi : the
pre-synapticneuronu �res at time tu andthepost-synapticneuronis forcedto �re at
timet0 by additionalPSPs(from auxiliaryneurons),which is thetimeit should�re for
thegiveninputpattern.Thenthesynapticweightcanbechangedaccordingto

Dwu;v = h � (t0 � tu)

with afollowing normalizationof theweightvectorof neuronv aftereachlearningcy-
cle.However, sincethereareauxiliary neuronsneededto make this learningpossible,
it is questionablewhetherthereis any biological motivation for this method.SNNs
naturallyimply theuseof unsupervisedlearningtechniquesdueto their inherentevent
orientednature.
Therefore,the simulationsconductedfor this diploma thesisdo not use any form
of supervisedlearning.Instead,a simulationof an SOM (Self OrganizingMap, see
[Koh95]) hasbeenwritten – but the basicstructureneededfor arbitrarylearningal-
gorithmshasbeenimplemented,makingtheuseof otherlearningmethodseasy(see
section4.4). A simple,unsupervisedlearningrulewouldbeto apply

Dwu;v = h � (su � wu;v)

to the winner neuronv (the neuronthat �res �rst in the competitive layer),wheresu

is the�ring time of thepre-synapticneuronu in thecurrentcycle andh is thecurrent
learningrate[Ruf98]. But to extendthismethodto alsoexhibit self-organizingbehav-
ior, neighborhoodinformationmustbeintroduced.Onewayto doso,alsodescribedin
[Ruf98] andimplementedfor thesimulationdescribedin section5.4, is thefollowing,
enhancedlearningrule:

Dwu;v = h �
Tout � tv

Tout
� (su � wu;v)

wheretv is the�ring time of thev-th competitive neuron(thepost-synapticneuronof
therespective synapse)andTout is thereferencetime markingtheendof the learning
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cycle. It is importantthatnocompetitiveneuronwill �re afterTout – everyneuronthat
�res in the currentlearningcycle must �re beforethis time; this canbe satis�ed by
settingTout largeenough.Theruleis appliedto all neuronsin thecompetitivelayerthat
have�red beforetimeTout . Then,theneighborhoodfunctionneededfor self-organizing
behavior is realizedby the factor(Tout � t j )=Tout . Furthermore,the learningrateh as
well asthelateralweightsewi; j betweenthecompetitive neuronsareslowly decreased,
thusalsodecreasingthesizeof theneighborhoodasthelearningadvances.
Anotherunsupervisedlearningrule is describedin [NR98], which emulatesRBF net-
worksin temporalcoding.However, for thisdiplomathesisnosimulationsaboutRBF
networkswereconducted.
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Chapter 4

Framework

In orderto be ableto prove that the conceptsproposedin this diplomathesisindeed
work for practicalsimulations,a Java framework for DEVS simulationof SNNshas
beendevelopedandthecorepartsconcerningthestructureof theNeuralNetworksand
handlingof eventsincluding calculating�ring timesof neuronsarecomplete.Using
discreteeventsimulation,anenormousincreasein simulationspeedand�e xibility is
expectedwhencomparedto the currentlyusedcontinuoussimulationtechniques.It
shouldbe possibleto simulatelarge networks of spiking neuronsandthusallowing
studiesof advancednetworksholdinga lot moreinformationthannetworkswith only
a small numberof neurons.Additionally, it is expectedthat the simulationspeed-up
gainedby discreteeventsimulationwill increasewith thesizeof a network, because
typically the percentageof concurrentlyactive neuronswill decreaseasthe number
of neuronsin the network increases.With this framework it will be possibleto sim-
ulateandvisualizeSpiking NeuralNetworks with piecewise linear functionsandto
experimenteffectively with new signalformsandlearningmethodsin thecontext of
computationaltheoryaswell asfrom thebiologicalpointof view. Althoughtheuseof
otherfunctiontypesis possiblein thecorepartsof theframework, thecurrentimple-
mentationonly coverspiecewise linear ones(asde�ned in section3.1), which seem
to be suf�cient for reproducingmostcomputationaleffectsof biological neuralnet-
works(referto section3.1). If, at sometime, it turnsout thatotherfunctiontypes,e.g.
polynomialfunctionsor approachesbasedon B-splines[CS47, CS96] couldbebene-
�cial, addingthesetypesto the framework caneasilybecarriedout; thebaseclasses
of the framework have beende�ned on an abstractlevel that is independentof the
usedfunctions.Nevertheless,piecewise linear functionsalsoallow anapproximation
of all functionshapesascloselyasneededor wanted,evenif therearemoreef�cient
approximationsfor somefunctiontypes.
In thefollowing subsections,thesimulationframework will bedescribed.First of all,
the core partsof the framework for the event handlingin neuronsand synapsesis
explained,followedby anoverview of theadditionalpartsproviding addedfunction-
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ality. In general,theimplementationwill not beexplainedin greatdetail,becausethe
Javadocdocumentationhasbeengeneratedfor exactly this purpose.Instead,in this
chaptermainly the featuresof thedifferentcomponentswill bedescribed,but elabo-
ratingthedescriptionfor thecorealgorithmsthatactuallyimplementtheformalmodal
describedin chapter3. In thealgorithmdescriptions,merelythe importantpartswill
beshown, omittingdebuggingstatementsandmaintenancecode.
For detailsof theimplementationsuchasmethodparameters,pre-andpost-conditions
andexceptions,thereaderis referredto theJavadocdocumentationwhich is contained
on theCD-ROM (submittedaccompanyingly).

4.1 Ar chitecture

The simulationframework is basedon MOSAIC (MOdelingand Simulationby As-
semblingInteractive Components), developedat the Institute for SystemsResearch
at theJohannesKeplerUniversityLinz. It is a framework for building discreteevent
simulationsystemsfollowing theDEVS modelandusinganobjectorientedapproach
basedon JavaBeans.This approachallows to build complex simulationsystemshier-
archically. Furthermore,JavaBeansde�ne a cleanapplicationprogramminginterface
(API) for the useof the basiccomponents.Becauseof the useof Java asimplemen-
tationlanguage,thewholesimulationsystemis completelyplatformindependentand
canrun on any computerwhich a Java virtual machine(JVM) is availablefor. During
the developmentof this simulationframework, both Microsoft Windows 2000with
JVM 1.3.1andJVM 1.4aswell asDebianGNU/Linux 3.0with JVM 1.3.1andJVM
1.4 have beenused.Therefore,thesystemrunswithout any problemson theserefer-
enceplatforms.It will probablyrunonany platformwith aJVM, but thishasnotbeen
veri�ed sofar.

4.1.1 Requirements

Currentlyonly aJVM version>= 1.2is neededto compileandrun thesimulation,but
thismaychangein thefuturedueto thepossibleuseof newer languagefeatures(such
asassertionsavailablesinceJVM 1.4or templatesplannedfor JVM 1.5).
Additionally, afew externalJavalibrariesareneededfor variouspartsof thesimulation
framework; but all of themareavailablefor free:

� ApacheAnt: ApacheAnt is aJava-basedbuild tool thatenablesto build complex
softwarepackagesplatform-independently. In this simulationframework, it is
usedfor controllingthewholebuild process(explainedin subsection4.1.2).
Requiredversion: >= 1.4 includingtheadditionaltaskspackage
Available fr om: http://jakarta.apache.org/ant/index.html
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License:“ApacheSoftwareLicense,Version1.1” (OpenSource)
Ant is notdistributedwith thesimulationframeworkbecauseit is neededto build
thedistribution.

� JUnit:JUnit is aregressiontestingframework writtenby ErichGammaandKent
Beck. It is usedto conductautomaticregressiontestsof softwarecomponents
that canrun automatically. In this simulationframework, it is usedto test im-
portantpartsautomaticallybeforecreatingthe distribution �les (explainedin
subsection4.1.3).
Requiredversion: >= 3.7
Available fr om: http://www.junit.org/index.htm
License:“IBM CommonPublicLicenseVersion0.5” (OpenSource)
JUnit is distributed with the simulation framework in the sourcetree under
libraries/junit-3.7.jar

� JAI: TheJavaAdvancedImagingAPI providesasetof object-orientedinterfaces
thatsupportasimple,high-level programmingmodelwhichallowsdevelopersto
manipulateimageseasily. In thissimulationframework, it is only usedfor load-
ing andstoringimagesasnetwork inputsandoutputs(explainedin section4.3).
Requiredversion: >= 1.1.1
Available fr om: http://java.sun.com/products/java-media/jai/index.html
License:“Sun Microsystems,Inc. Binary CodeLicenseAgreementJAVA AD-
VANCED IMAGING API, VERSION 1.1.1” and“DEVELOPMENT TOOLS
JAVA ADVANCED IMAGING, VERSION1.1.1SUPPLEMENTAL LICENSE
TERMS”
JAI is distributed with the simulationframework in the sourcetree under li-
braries/jai_core.jarandlibraries/jai_coded.jar. Distribution in binaryform is al-
lowedby the“SUPPLEMENTAL LICENSETERMS”, paragraph2.

4.1.2 Build process

Sincethis simulationframework is a complex software systemconsistingof many
interactingcomponents,the build processof the distribution �les (source,documen-
tationandbinary) is not trivial. Therefore,to enablethesystemto bebuilt easily, an
automatedbuild processhasbeencreated.
The build processusesApacheAnt as the build tool. This programparsesthe �le
build.xml to get the build instructions.As this is an XML �le, it can be readwith
any ASCII editor. Normally, it is enoughto call the Ant programfrom within the
distribution sourcedirectory;it will automaticallyload the build �le andexecutethe
default task,dist , which in turn dependson theotherneededtasks.Thedistribution
sourcedirectorycontainsthefollowing content:
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[ build/ ]
build.xml
concurrent/
[ dist/ ]
libraries/
mosaic/
sim/

The directoriesbuild/ and dist/ are createdduring the automaticbuild processand
are thereforenot containedin the sourcedistribution. As mentionedabove, the �le
build.xml is the main build �le for Ant, which containsall the instructionsthat are
neededto createthedocumentationandbinarydistributionsfrom theextractedsource
distribution.In thedirectorylibraries/ areonly thoseJava librariesthataredistributed
with thesimulationframework (describedin subsection4.1.1). Theotherdirectories,
concurrent/, mosaic/andsim/ containthesourcecodeof thewholesimulationframe-
work, includingMOSAIC.
WhenAnt is executedfrom within this sourcedirectorywithout furtherparameters,it
automaticallycreatesthedirectoriesbuild/, containingtheintermediatebuild �les, and
dist/, containingthecreatedsource,documentationandbinarydistribution �les. This
behavior is de�nedby thevariousbuild tasksin build.xml, whicharelistedin table4.1.

4.1.3 Automatic componenttesting

Due to the support of the JUnit regressiontesting framework, building new au-
tomatic componenttests is simple. A new test class only needsto be derived
from junit.framework.TestCase , which is demonstratedby the implemented
ImageConverterTest class.Currently the framework is set up to containunit test
classesin the packagemosaic.sim.neuron.tests , correspondinglyin the source
directorymosaic/sim/neuron/tests. Althoughat this stage,the ImageConverterTest
classis the only onethat hasbeenimplemented,otheroneswill be addedin the fu-
ture,with testsfor thecorealgorithms(likemergeandintersectionof piecewiselinear
functions,seesection4.2for anexplanation)beingaddednext.
The main build �le build.xml containsthe build task test to start the automaticre-
gressiontests.Newly addedtestswill automaticallybeincludedin thetestingprocess,
they only needto beput into thementioneddirectory.

4.1.4 Basicstructur e

Themostbasicstructureof thewholesimulationframework is abipartitegraphformed
of Neuron andSynapse objects.All of thesimulationdynamicsbuildsuponthistopol-
ogy, which is illustratedin Fig. 4.1.
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Taskname Dependson Description
init Createsan internal time stampand the directory

build/.
compile init Compilesthe whole Java sourcefrom the current

directory(containedin thedirectoriesconcurrent/,
mosaic/andsim/) andputsthecompiledclass�les
into build/.

test compile Startsthe automaticregressiontestson the com-
piled classesandstopsthe build processwhenan
erroroccurs.

dist compile Creates the directory dist/, generates the
JavaDoc HTML documentationand generates
the �les dist/DEVSNeuron-doc-<date>.zip,
dist/DEVSNeuron-src-<date>.zip and
dist/DEVSNeuron-bin-<date>.jar.

The �le DEVSNeuron-doc-<timestamp>.zip
contains the JavaDoc HTML documenta-
tion for the simulation framework, the �le
DEVSNeuron-src-<date>.zip contains the
complete source distribution with all �les
that are needed to build itself and the �le
DEVSNeuron-bin-<date>.jar contains all com-
piled classand auxiliary �les neededto run the
simulations(only the binary distribution �le is
neededto runthesimulationsor developadditional
simulations).

clean Removesthedirectoriesbuild/ anddist/.

Table4.1:Build tasksin theautomatedframework building process.

Following themethodologyof MOSAIC, thecorepartsareactive elementswhich di-
rectlyor indirectlyusetheMOSAIC baseclassTimer . Thisclassenablescomponents
to becomeactive in thesimulationby triggeringtime events;moreover, it allows the
simpleadditionof visualizationelementsbasedon theJava Swingtechnology. In the
presentsimulationframework, threetypesof eventsareused:

� Time events: Theseevents are triggeredwhen a certain simulation time is
reached.Setting such an event to be executedat somede�ned, future sim-
ulation time is called scheduling. As these event types are already pro-
vided by the MOSAIC framework, its functionality is used.Whenever a time
event is to be scheduledfor activation, a methodcalledactivateAt(double
absoluteTime) or activateIn(double relativeTime) is called(seealgo-
rithm 1 for an example).Thesetwo methodsare implementedin Timer , sup-
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n1:Neuron

sx1:Synapse

sy1: Synapse

spikeEvent

Figure4.1: The generalstructureof thesimulationframework is a bipartitegraphof
Neuron andSynapse objects.

Figure4.2:Auxiliary classesin thecoreframework.

portedby BasicActiveModel aswell asActiveVariable (referto section4.2)
andarethereforeavailablein eachderivedclass.

� Internalevents:Theseeventsaremostlysubsequenteventswhicharecausedby
time eventsor statechangeevents.In the implementation,internaleventsare
simplemethodcalls that areusuallydonefor a list of similar objects.Oneof
themostimportanteventsin thesimulationframework is thespikeevent,which
is sentby Neuron objectsto a list of Synapse objects;this event is an internal
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event (refer to algorithm2), but is causedby a time event which activatesthat
Neuron object.

� Statechangeevents: Theseevents are triggeredwhen certain systemstates
changetheir value.Sendingandlisteningfor sucheventsis alsosupportedby
MOSAIC, the createdsimulation framework is using this support.Although
statechangeeventsaremostlyusedfor thevisualization(by visualizationcom-
ponentslisteningto statechangesof thosecomponentsthey represent),they are
also usedfor triggering the recalculationof �ring times after the potentialor
thresholdfunctionsof a Neuron objecthavechanged.

Theuseof theseeventsin thevariouspartsof thesimulationwill bedescribedin more
detail in thefollowing sections.However, therearea few globalauxiliary classesthat
areusedin almostall following parts:

GlobalConstants This classde�nes someconstantsthat are global parametersfor
thesimulationframework, e.g.the inaccuracy window usedfor comparingtwo
�oating point numbers.(Due to roundingerrors,it is not reasonableto com-
pare�oating point numbersfor equality. Instead,theabsolutedifferencehasto
be smallerthansomesmall valuee, calledinaccuracy window in this diploma
thesis.)

CodingException Thisclassrepresentsanexceptionin theusedspikecodingscheme,
which canbee.g.temporalor ratecoding.Whenever a situationis detectedthat
is not allowedwithin thede�nition of theusedcodingscheme,this exceptionis
thrown by theinputor outputconverters.

Debug Thisclassis usedfor debuggingpurposes,mainlyfor printingdebugmessages
dependenton a tracelevel andfor assertions(althoughthey arenow available
asa languageconstructwith a JVM >= 1.4,but theassertionsprovidedby this
classaremorepowerful in loggingerrormessages).

4.2 Neuronsand Synapses

Thecoreframework mainlyconsistsof theclassesNeuron andSynapse , whicharein
thecenterof thesimulation.As canbeseenin Fig.4.3, theconnectionbetweenNeuron
and Synapse objects lies within the interfacesNeuronInput and NeuronOutput ,
which will be describedbelow. Now, the main ideais that Neuron objects�re spike
events to Synapse objectsby calling the respective method;thereforethosespike
eventsare internal events.Upon receiving a spike event, the Synapse objectswill
thenin turn invokeamethodof theirpost-synapticNeuron objectto statethatanevent
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Figure4.3:Main classesfor eventhandlingin neuronsandsynapses.
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hasbeenreceived.After this, the Neuron objectwill starthandlingthe incoming�r -
ing event (seealgorithm1) which involvesthecalling of anothermethodof the input
Synapse objectto gettheparametersof thegeneratedsynapseresponsefunction.Due
to this incomingevent,theNeuron objectmight thengeneratea timeeventfor its own
activation,scheduledfor thetime whenthenext �ring event is due.As thetime event
is thentriggeredatsomefuturesimulationtime,theNeuron objectwill getreactivated
andwill in turnemitaspikeevent(seealgorithm2).
In thefollowing, theinterfacesandclassesthatimplementthisconceptin thecoreparts
of thesimulationframework areexplained.It is importantto notethattheprocessitself
is completelyindependentof theusedfunctiontypes,bethempiecewiselinear, spline
basedor continuous– thegeneralideais merelyto useaneventbasedapproach.

NeuronInput This interfacespeci�esthe capabilityof an objectto act like an input
of a neuron,i.e. the ability to receive spike events.It will usuallybe directly
connectedto anobjectwith thecapabilityof sendingspike events,i.e. anobject
that implementsthe NeuronOutput interface.The only methodthat is de�ned
by this interfaceandthereforemustbe implementedby objectswhich needto
receivespikeeventsis

public void spikeEvent(NeuronOutput sender)

Therefore,a spike event doesnot carry any other informationthanthe sender
object,which is biologicallymotivated.

NeuronOutput This interfacespeci�esthecapabilityof anobjectto act like theout-
put partof a neuron,i.e. theability to sendspike events.Objectsimplementing
theNeuronInput interfacewill registerto this eventsourceandall objectsim-
plementingNeuronOutput mustcall thespikeEvent() methodof all currently
registeredobjectswhenever the objectemitsa spike event. This interfacede-
�nes the usualaddOutput andremoveOutput methodsasusedby Java event
handling.

NeuronOutputSupport This is a helperclassfor objectsthat want to emit spike
events.It implementseverythingrequiredby the NeuronOutput interfaceand
alsooffers themethodfireSpikeEvent for sendinga spike event to all regis-
teredNeuronInput listeners.Becausenot only Neuron objectswill emit spike
events,but typically alsoinput converters(seesection4.3) andother“sensory”
classes,thefunctionalityof sendinga spike eventto a list of registeredlisteners
hasbeenabstractedinto thisclass.
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Neuron This is thecoreclassof theframework, administratingthehandlingof spike
eventsandholdingthePotential andThreshold objects.It representsa neu-
ron, which is able to �re spike events(thus it implementsthe NeuronOutput
interface)andreceive spikesindirectly via Synapse objects.For a simplehan-
dling of theinputandoutputSynapse objects,this classusesArrayList mem-
bers,which caneasilybe manipulatedusingthe respective memberfunctions.
Additionally, moresophisticatedmethodsfor manipulatinginputsandoutputs
areavailable,suchasthemethodaddInput which addsa givenNeuronOutput
objectto the list of inputs;to accomplishthis, a new Synapse objectis gener-
atedfrom a templateobjectandthebi-directionalconnectionson bothsidesof
the Synapse object(the given pre-synapticNeuronOutput objectandthe cur-
rentpost-synapticNeuron object)aresetup. Thus,this singlemethodcall will
generatefour new links to completelyconnectthebi-directional,bipartitegraph
formedof Neuron andSynapse objects.
Furthermore,eachNeuron objectcontainsaPotential andaThreshold object
for maintainingits internalstateasde�ned in the formal modelin section3.2.
TheNeuron objectitself doesnot have any otherstateinformationthanthe in-
put andoutputobjectlists; all of thecalculationaccordingto theformal model
is done in the embeddedPotential and Threshold objects.However, it is
responsiblefor administratingthe �o w of spike eventsthroughthe simulation
framework, asshown in algorithms1 and2.

Note that the Neuron object itself is completelyindependentof the function
types.

SynapseThis classrepresentssynapses,which are the connectionsbetweenneu-
ronsin the biologicalmodel.Whena Synapse object– which implementsthe
NeuronInput interface– receivesa spike eventfrom any NeuronOutput capa-
ble object,it will forward it to the connected"post-synaptic", i.e. the receiver
Neuron object(seealgorithm3), which will thenquerytheSynapse for there-
sponseparameters.Theseparametersde�ne how the neuronpotentialchanges
becauseof the incomingspike. This classis declaredabstractbecauseit does
not de�ne any responsefunctiontype,but thosefunctiontypesmustbede�ned
by usinga derivedclassandoverridingthemethodgetResponseParameters .
However, Synapse alreadyimplementsthemaintenancecodeneededto connect
with asenderNeuronOutput object(whichwill mostlybeaNeuron object)and
areceiverNeuron object.Furthermore,it de�nesaframework for implementing
learningmethods,which is describedin section4.4.

PLFunction This classrepresentsa piecewise linear function in a �nite time-frame
with a �nite numberof linear segmentsas de�ned in section3.1. It stores
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This methodis calledby theinput Synapse objectafterreceiving a spike event– thusit is the
entrypoint in theNeuronobjectfor handlinginternalevents.

public void spikeEventFrom(Synapse sy) {
potential.mergeSynapseResponse(sy.getResponseParameters());
scheduleNextFiring();

}

As canbe seeneasily, the Neuron object just passesthe synapseresponseparameters(that
are obtainedfrom the Synapse objectwhich sentthe event) to its Potential object.This
Potential object is then responsiblefor updatingits state(seealgorithm 5). The method
scheduleNextFiring thenusesthenewly calculatedfuturePotential stateto calculateand
schedulethenext timewhenthis Neuron objectwill �re.

protected void scheduleNextFiring() {
double dt = computeTimeOfFire();
if (dt == Double.POSITIVE_INFINITY)

passivate();
else

activateAt(dt);
}

In this method,the real calculationis again delegated to anotherobject, in this casethe
Threshold objectby calling themethodcomputeTimeOfFire whichonly callstherespective
methodof theThreshold object(seebelow). After that,two casesaredistinguished.Eitherthe
calculationresultedin anext �ring time(in whichcasethereturnvalueis non-in�nite) andthe
respective time event for activating the Neuron objectis scheduled,or thereis no next �ring
time with the currentPotential andThreshold states(the returnvalueis in�nite) andthe
timeeventis canceled.

public double computeTimeOfFire() {
return threshold.calculateNextFireTime(potential);

}

Thenthe Neuron objecthascompletedhandlingthe incomingeventat thecurrentsimulation
time.

Algorithm 1: Handlinganincomingeventin a Neuron object.

thesesegmentsin simple arraysof double values.The linear segmentsare
describedby their gradientsandtheir startingtimesandthe whole function is
de�ned to startat value0 and time 0 with gradient0. All gradients[i] are
valid betweenthetimesgradientTimes[i] andgradientTimes[i+1] . There-
fore, thewholefunctionhasa valueof 0 in theinterval [0;gradientTimes [0]].
The last segment, starting at time gradientTimes[numGradients] with
gradient[numGradients] is de�ned to end at the time when the func-
tion reachesthe value 0. This time can be retrieved by using the method
getEndTime() . Additional methodsareprovided for operationson piecewise
linearfunctions,suchasgetFinishedSegments andgetValueAtTime .

PLSynapse This classis derived from Synapse , implementingsynapseswith piece-
wise linear functions.This classis still abstractbecausetheshapeof thepiece-
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Whenatimeeventhasbeenscheduledby scheduleNextFiringTime , theNeuron objectwill
getreactivatedatthescheduledsimulationtimeby theMOSAIC framework.Thisreactivation
is doneby calling themethodprocessSimEvent , which is thenresponsiblefor generatinga
�ring event.

public void processSimEvent(SimEvent e) {
fireSpikeEvent();
threshold.fired();
for (int i=0; i<inputs.size(); i++)

((Synapse) inputs.get(i)).postNeuronFired();
scheduleNextFiring();

}

First of all, the spike event is �red by using the respective method of the base class
NeuronOutputSupport . Then,theThreshold objectis noti�ed of the�ring asit maychange
its statedueto this (this noti�cation is alsoaninternalevent),followedby theinput Synapse
objectsalso being noti�ed (this is important for learning algorithmsas explained in sec-
tion 4.4). In a �nal step,a possibly new time event is scheduledas the Potential and
Threshold statesmight alreadygenerateanotherspike in thefuture(if no spike is to beemit-
ted,scheduleNextFiring will not schedulea timeevent).

Algorithm 2: Generatingaspikeeventin a Neuron object.

Whena Synapse objectreceivesa spike event (dueto implementingthe NeuronInput inter-
face),it will forwardthiseventto its associatedreceiverNeuron object.

public void spikeEvent(NeuronOutput sender) {
lastEventTime = SimApplication.getCurrentSimApplication().getTime();
receiver.spikeEventFrom(this);

}

After the time of the incomingspike event is recorded,which is importantfor learningalgo-
rithms,theinternaleventis simply forwardedto theassociatedreceiver Neuron object.

Algorithm 3: Forwardingaspikeeventin a Synapse object.

wiselinearfunctionis notde�ned,but queriedusingtheabstractfunction

protected PLFunction getStandardResponse()

But thosesynapticparametersthatareusuallyusedat eachsynapse,theweight
anddelay, aredirectly implementedin this class;they areappliedto thepiece-
wise linear function returnedby getStandardResponse beforereturningit in
theoverriddenmethodgetResponseParameters (seealgorithm4).

ConstantPLSynapseThis classrepresentsa synapseusing piecewise linear func-
tions, but with a constant shape for all synapseobjects in the simula-
tion. It merelyoverloadsthe methodgetStandardReponse from PLSynapse
to return a piecewise linear function that is kept as a static member in
ConstantPLSynapse .
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ThemethodgetResponseParameters is responsiblefor returningtheresponsefunctionthat
a Synapse generatesin responseto aspikeevent.

public Object getResponseParameters() {
PLFunction standardResponse = getStandardResponse();
PLFunction response = new PLFunction(standardResponse.gradients.length);
for (int i=0; i<response.gradients.length; i++)

response.gradients[i] = standardResponse.gradients[i] * weight;
for (int i=0; i<response.gradients.length; i++)

response.gradientTimes[i] = standardResponse.gradientTimes[i] +
delay;

return response;
}

First of all the standardshapeof the responsefunction is retrieved from the abstractmethod
getStandardResponse . Then this responseis simply scaledby the weight parameterand
shiftedby thedelay parameterbeforereturningit.

Algorithm 4: Calculatingthecurrentsynapseresponsefunctionfrom synapticparam-
eters.

ActiveVariable This classimplementsanactive variablethathassupportfor sending
out VariableChangeEvent s andfor sendingitself a TimeEvent , thereforebe-
ing an active variablecontainer. Active variablesareableto generatethe third
typeof event:thestatechangeevents.Thisclasshasbeenimplementedbecause
BasicActiveModel doesnotsupportsendingVariableChangeEvent s.

Potential This classrepresentthe potentialof a neuron.It is abstractanddoesnot
implementany behavior, but justde�nestheinterfacethattheNeuron classuses
to interactwith its associatedpotential.Theonly methodsde�ned by this class
andneededto beimplementedin overridingclassesare

public double getCurrentPotential()

public void mergeSynapseResponse(Object change)

(seealgorithm1).

PLPotential This classrepresentsa neuronpotentialdescribedby a piecewise lin-
ear function. It does for the Potential object what PLSynapse does for
Synapse : implementinga speci�c behavior of theabstractfunctionality. To ac-
complishthis, PLPotential hasa statemembervariablechanges , which is a
PLFunction and containsthe currently known potential function (mostly fu-
ture segments,but might also have somepastsegments).Although currently
the arraysfor the usedPLFunction objectsarerecreateddynamicallyon any
change,the classis fully preparedfor using �x ed-sizedarraysin caseof per-
formanceproblemswith dynamicmemoryallocation.Thereal functionalityof
this classis insidethemethodmergeSynapseResponse , whoseprimarywork-
ing is describedin algorithm5, which is an implementationof thede�nition in
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section3.2. Additionally, theprocessSimEvent methodis usedfor cleanupto
preventunboundedgrowth of thePLFunction keptin changes .

public void mergeSynapseResponse(Object change) {
PLFunction newChange = (PLFunction) change;
int i = 0, j = 0, k = 0;
boolean changesActive = false, newChangeActive = false;
buffer = new PLFunction(numSegments + newChange.gradients.length);
while (i < numSegments || j < newChange.gradients.length) {

if (j >= newChange.gradients.length || (i < numSegments &&
(newChange.gradientTimes[j] + getTime()) -
changes.gradientTimes[i] >
GlobalConstants.DOUBLE_INACCURACY_WINDOW)) {

changesActive = true;
buffer.gradients[k] = changes.gradients[i] +

(newChangeActive ? newChange.gradients[j-1] : 0);
buffer.gradientTimes[k] = changes.gradientTimes[i];
i++;

}
else if (i >= numSegments || (j < newChange.gradients.length &&

changes.gradientTimes[i] -
(newChange.gradientTimes[j] + getTime()) >
GlobalConstants.DOUBLE_INACCURACY_WINDOW)) {

newChangeActive = true;
buffer.gradients[k] = newChange.gradients[j] +

(changesActive ? changes.gradients[i-1] : 0);
buffer.gradientTimes[k] = newChange.gradientTimes[j] + getTime();

j++;
}
else {

changesActive = newChangeActive = true;
buffer.gradients[k] = changes.gradients[i] +

newChange.gradients[j];
buffer.gradientTimes[k] = changes.gradientTimes[i];
i++; j++;

}
k++;

}
numSegments = k;
PLFunction swap = buffer;
buffer = changes;
changes = swap;

signalVariableChange();
}

After the de�nition of neededlocal variablesand somemaintenancecodenot shown here,
the variant of the merge-sortalgorithm immediatelybegins. The �rst if- branchis entered
wheneverasegmentof theold changes is to becopiedto thenew changes,eitherbecausethere
areno morenewChange segmentsor this segmentstartsbefore(concerningsimulationtime)
thenext segmentfrom newChange. Thesecondif -branchis enteredwheneverasegmentfrom
newChange is to becopied.Thelast if -branchis enteredwhenever thesegmentsin changes
andnewChange begin at (nearly, asde�ned by theinaccuracy window) thesametime.As can
beseeneasily, thismethodhasa linear time complexity.
After this sortinghasbeencompleted,the newly createdbuffer function is swappedto be
availableasmembervariablechanges anda statechangeevent is sentto all listeners(e.g.
visualizationobjects).For a detaileddescriptionof all conditionsthereaderis referredto the
sourcecode.

Algorithm 5: Mergingasynapseresponsewith thecurrentneuronpotential.
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Thr eshold ThisclassrepresentsaNeuronthreshold.It is abstractanddoesnot imple-
mentany behavior, but just de�nes the interfacethat theNeuronobjectusesto
interactwith its associatedthreshold.Theonly abstractmethodsde�ned by this
classandneededto beimplementedin overridingclassesare

public double getCurrentThreshold()

public double calculateNextFireTime(Potential
potential)

(seealgorithm1), but fired (seealgorithm2) shouldalsobeoverriddento gain
controlover thebehavior whentheassociatedNeuron objecthas�red.

PLThr eshold This classimplementsa thresholdwith piecewise linear functions,but
is still declaredabstractbecausethe exact shapeof the thresholdin the rela-
tive refractionphaseis not de�ned. However, it implementsthe calculationof
thenext �ring time by intersectinga piecewise linearpotentialanda piecewise
linear thresholdfunction.The implementedmethodcalculateNextFireTime
usesa statemembervariablewith threedifferentstates:quiescent,absolutere-
fractionandrelative refraction.Normally the thresholdis in thequiescentstate
in whichit hasaconstantthresholdvalue.Uponinvocationof themethodfired
(which is calledby theassociatedNeuronobjectwhenit emitsaspikeevent,see
algorithm2), the absoluterefractionstateis enteredin which no �ring is pos-
sible (calculateNextFireTime alwaysreturnsan in�nite value).After some
time, the relative refractionstateis entered,in which the thresholdis a piece-
wise linear function thatendsaftersomemoretime, returningto thequiescent
state;thesestatetransitionsarecarriedout using time eventsand the method
processSimEvent .
In algorithm 6 the calculationof an intersectionbetweenarbitrary piecewise
linear functions,as de�ned in section3.3, is shown. The implementationof
calculateNextFireTime merely usesthis methodin the quiescent(with a
piecewise linear functionwith onesegment)andrelative refractionstates– the
othercodein calculateNextFireTime is dedicatedto maintenance.

4.3 Network inputs and outputs

In thecurrentsimulationframework, inputandoutputconvertersfor thetemporalcod-
ing schemeandaninputconverterfor theratecodingschemehavebeenimplemented.
To enableanabstractionof thecoderanddecoder, interfacesfor vectorandmatrix in-
putandoutputhavealsobeende�ned. In thefollowing, thenetwork inputclasseswill
bedescribed.
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ThemethodcalculateIntersectionPoint calculatestheintersectionbetweentwo arbitrary
piecewiselinearfunctions.

protected double calculateIntersectionPoint(
PLFunction f1, double startValue1, double startTime1, int numSegments1,
PLFunction f2, double startValue2, double startTime2, int numSegments2) {

int i1, i2;
double x1 = startValue1, x2 = startValue2, k1, k2, t1, t2,

t, fireTime = 0;
boolean foundIntersectionWithin = false, foundIntersectionBefore = false;
PLFunction.FloatIntPair ret1 = f1.getFinishedSegments(

startValue1, numSegments1, getTime() - startTime1, false);
PLFunction.FloatIntPair ret2 = f2.getFinishedSegments(

startValue2, numSegments2, getTime() - startTime2, false);
i1 = ret1.i; x1 = ret1.f;
i2 = ret2.i; x2 = ret2.f;
while (! foundIntersectionWithin &&

i1 < numSegments1-1 && i2 < numSegments2-1) {
k1 = f1.gradients[i1]; k2 = f2.gradients[i2];
t1 = f1.gradientTimes[i1] + startTime1;
t2 = f2.gradientTimes[i2] + startTime2;
if (k1 != k2) {

t = (x1 - x2 - k1*t1 + k2*t2) / (k2 - k1);
if (t < t1 || t < t2)

foundIntersectionBefore = true;
else if (t <= f1.gradientTimes[i1+1] ||

t <= f2.gradientTimes[i2+1]) {
fireTime = t;
foundIntersectionWithin = true;

}
}
if (f1.gradientTimes[i1+1] + startTime1 >

f2.gradientTimes[i2+1] + startTime2)
i2++;

else if (f1.gradientTimes[i1+1] + startTime1 <
f2.gradientTimes[i2+1] + startTime2)

i1++;
else { i1++; i2++; }

}
if (foundIntersectionWithin)

return fireTime;
else {

if (foundIntersectionBefore)
return Double.NEGATIVE_INFINITY;

else
return Double.POSITIVE_INFINITY;

}
}

After skippingsegmentsthat areentirely in the past,this algorithmprincipally just tries to
calculateanintersectiontime betweeneachof thesegmentsin f1 andeachof thesegmentsin
f2 . However, sincebothfunctionsaresortedby de�nition, it is enoughto advancethesegments
in both functionsinsteadof loopingover themin nestedloops– thereforethis algorithmalso
featureslinear time complexity. For thosesegmentsthatareintersected,theexactde�nition
from section3.3 is used.
After calculatingtheintersectiontimeof two segments,therearejust3 possibilities:eitherthe
intersectiontime is beforethescopeof one(or both)of thesegments,it is within thescopeof
bothsegmentsor it is afterthescopeof one(or both)of thesegments.The�rst caseis aspecial
one:whenno real intersectionis found, then the methodreturnnegative in�nity , indicating
that the given functionshave an intersectionbeforethe currentsimulationtime. The second
caseis the “normal” casewherethereis an intersectionbetweentwo futuresegments,i.e. an
intersectionbetweenthegivenfunctionswithin their scope.If no intersection(eithercase1 or
case2) is founduntil theendof bothgivenfunctions,positive in�nity is returned.

Algorithm 6: Calculatingtheintersectionbetweenpiecewiselinearfunctions.
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Figure4.4:Network inputconverterclasses.

VectorInputCoder This is an interfacefor delivering a one-dimensionalvector of
realnumberedvaluesto thenetwork. It mustbe implementedby a classwith a
de�ned spikecodingscheme(theso-calledcoder).It only de�nesthemethods

public void enterVector(double[] vector)

public NeuronOutput getOutput(int index)

ThemethodenterVector is designatedfor usefrom “outside” of thenetwork
to sendreal-numberedvectorinputeventsto thenetwork, while getOutput can
beusedfrom “inside” of thenetwork to obtainaccessto thespike eventoutputs
of thecoder.

MatrixInputCoder This is an interfacefor delivering a two-dimensionalmatrix of
realnumberedvaluesto thenetwork. It mustbe implementedby a classwith a
de�ned spikecodingscheme(theso-calledcoder).It only de�nesthemethods

public void enterMatrix(double[][] matrix)

public NeuronOutput getOutput(int dim1, int dim2)

As with VectorInputCoder , enterMatrix is for the “outside”, while
getOutput is for the“inside” of thenetwork.
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TemporalCodedInput This classimplementsa spike sourceusingtemporalcoding
by implementingthe interfaceVectorInputCoder . It is a converter between
analogvaluesat its input andspike eventsat its output.The codingis doneas
follows: First of all, the numberof inputs (i.e. the lengthof the input vector)
mustbeequalto thenumberof outputs(innerNeuronOutputSupport classes).
Thus,theanalogvectorsubmittedto theclassvia themethodenterVector is
convertedto exactly onespike peroutput.Thehighertheanaloginput number,
theearlierthespike on theassociatedoutputwill be�red. Thereforetheoutput
associatedto the analoginput with the highestvaluewill �re immediately, the
otheroutputswill �re later, determinedby theformulade�ned in section3.4(see
algorithm7).
This classcanoptionallyusea referenceoutputthat�res at thelatesttime, thus
representingthe analoginput value0 andmarkingthe endof the spike series
emittedby thisclass.

Theimplementationof enterVector in TemporalCodedInput computessinglespike events
for eachoutputdependingon thegivenrealnumberedvector.

public void enterVector(double[] vector) throws CodingException {
double maxValue=0;
for (int i=0; i<vector.length; i++) {

if (vector[i] > maxValue)
maxValue = vector[i];

}
if (reference != null)

reference.fireIn(multiplicator * maxValue);
for (int i=0; i<vector.length; i++) {

if (vector[i] != Double.NEGATIVE_INFINITY)
((Output) outputs.get(i)).fireIn(multiplicator *

(maxValue - vector[i]));
}

}

As de�ned in section3.4, thespike �ring timesdependon themaximumvaluethat is present
in theinputvector. After �nding themaximum,thespike timesarecomputedaccordingto that
formulaandthe�ring of therespective outputspikesis scheduled.Furthermore,if a reference
outputis used,it is scheduledto �re at thetime thatmarksaninputvalueof 0.

Algorithm 7: Temporalcodingof aninputvector.

RateCodedInputSingle This classimplementsa singlespike sourceusingratecod-
ing. It is aconverterbetweena realnumberedvalueat its inputandspikeevents
at its output.Thecodingis doneasfollows: themethodgetRate andsetRate
canbe usedto setthe �ring rateof the currentinput, which continuouslygen-
eratesspike eventswith the computedinterval (seealgorithm 8). The rate is
computedasde�ned in section3.4.

RateCodedInputVector This classimplementsa spike sourceusingratecoding.It
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Firing spike eventscontinuouslycanbedoneby usingtime eventsandregeneratingnew time
eventswhenthey aretriggered.ThereforethemethodprocessSimEvent , whichis calledwhen
timeeventsaretriggered,is responsiblefor sendingratecodedspikeevents.

public void processSimEvent(SimEvent e) {
fireSpikeEvent();
if (rate != 0.0) {

double nextTime = 1 / rate;
activateIn(nextTime);

}
}

Eachtime a time event is triggered,theaccordingspike event is immediately�red, followed
by schedulinga new time event (dependenton thecurrentlyset�ring rate)for �ring thenext
spikeevent.

Algorithm 8: Ratecodingof aninputvector.

doesfor avectorwhatRateCodedInputSingle doesfor asinglerealnumbered
value.In fact,it usesRateCodedInputSingle objectsfor doingtherealcompu-
tationwhenreceiving an input vector. This classimplementsVectorInput , as
doesTemporalCodedInput . Therefore,thesecodingschemesshouldbeeasily
interchangeable.

ImageInput This classreadsan imageand converts it to either a one-dimensional
vectorof dimensionheight � width or a two-dimensionalmatrix of dimension
(height;width). For feedinga one-dimensionalvectorto thenetwork, this class
usesthe interfaceVectorInput ; for feedinga two-dimensionalmatrix, it uses
MatrixInput . Objectsimplementingtheseinterfaceshave to be given to the
constructorwheninitializing. To starttherealinput, readingtheimageandgen-
eratingthevectoror matrix, themethodstartInput needsto becalled.
ThisclassneedstheJAI (JavaAdvancedImaging)library.

RandomSpikeSource This classimplementsa randomspike sourcewith a con�g-
urablemaximuminterval betweentwo emittedspikes.After being initialized
with init , it just �res spike eventsat randomintervals[0;maxTime[. Therefore
it canbeusedfor conductingexperimentsonnoisestability.

In orderto beableto interprettheoutputsof anSNN,outputconvertersneedto beim-
plemented;theseconvertersclearlydependonthespikecodingschemeusedinsidethe
network andthedesiredoutputcoding.To make themas�e xible asinput converters,
interfaceshave alsobeende�ned for abstractingfrom thespike codingscheme.In the
following, thecurrentlyimplementedoutputconverterswill bedescribed.

VectorOutputListener This interfacemustbe implementedby objectsthat want to
receive the real numbered,one-dimensionalvectorscomputedby the network.
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Figure4.5:Network outputconverterclasses.

Theobjectreceivesaneventwhenever anoutputcycle is completeandthereal
numberedoutputvalueshave beencomputed;theseoutputeventsaregenerated
by somespikedecoder. Theonly methodde�ned by this interfaceis

public void outputEvent(double[] vector)

MatrixOutputListener This interfacemustbe implementedby objectsthatwant to
receive therealnumbered,two-dimensionalmatricescomputedby thenetwork.
As in VectorOutputListener , theonly de�ned methodis

public void outputEvent(double[][] matrix)
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TemporalCodedOutput This class is a converter betweenspike events at its in-
puts and real numberedvectors– using VectorOutputListener objects–
at its output. The spike events have to be coded temporally, e.g. from a
TemporalCodedInput object, and are received by objectsof an anonymous
inner classimplementingNeuronInput . Theseobjectswill, uponreceiptof a
spike event,recordthereceptiontime andnotify theTemporalCodedOuput ob-
ject.Whentheoutputcycle is complete,i.e.eithereachinputobjecthasreceived
aspike, thecycle timehasendedor thereferenceinputhasreceivedaspike, the
objecttriggersitself to decodethe spike timing andsendthe outputevent (see
algorithm9)

Fordecodingtemporallycodedspikeevents,it isagainthemethodprocessSimEvent in which
the computationtakesplace.It is calledwhenthe outputcycle hasbeencompletedandper-
formsthecomputationof therealnumberedoutputvector.

public void processSimEvent(SimEvent e) {
double outVector[] = new double[inputs.size()];
for (int i=0; i<inputs.size(); i++) {

Input inp = (Input) inputs.get(i);
if (inp.hasReceivedSpike()) {

outVector[i] = (getTime() - inp.getReceivedTime()) / multiplicator;
inp.reset();

}
else

outVector[i] = Double.NEGATIVE_INFINITY;
}
for (int i=0; i<listeners.size(); i++)

((VectorOutputListener) listeners.get(i)).outputEvent(outVector);
}

Theoutputvectoris generatedusingtheformulade�ned in section3.4andis simplysentto all
registeredlistenersthatimplementtheVectorOutputListener interface.

Algorithm 9: Temporaldecodingof anoutputvector.

OutputFilter This classis a decoratorfor output listeners,enablingthe �ltering of
outputevents:

� Firstof all, it canpassonly the�rst eventand�lter outall subsequentones.

� Secondly, eventscanbeforwardedwhenthey havereachedanequilibrium,
i.e. they donotchangeanymorewithin acertainerrorrange.

The constructor initializes the �lter . When forwardMultipleEvents is
true , then all events will be forwarded (depending on the value of
waitForEquilibrium ). If it is false , only the �rst event (alsodependingon
waitForEquilibrium ) will beforwarded.

When waitForEquilibrium is true , then an event will be forwardedonly
when the differenceto the previously received event is within a certain,de-
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�ned margin. E.g.whenwaitForEquilibrium andforwardMultipleEvents
areboth true , thenthe �lter discardsall eventsthatchangetoo muchandfor-
wardsthe �rst onethat hasa small difference(asgiven by maxSquareError ).
After this forwarding,the�lter resetsandwaitsfor thenext equilibrium.

The"error", i.e. thedifferencebetweentwo receivedevents,is calculatedasthe
squareddifferencebetweenthevectorsor matrices.Whentheerroris below the
given maxSquareError , then the stateis regardedasbeingan equilibrium. It
is importantto notethat the error is divided by the numberof elementsin the
vectoror matrix for normalization.

ImageOutput This classreceives vector or matrix output events from somespike
decoderandtransformsthevaluesinto animage,which is immediatelysavedin
the�le givento theconstructor. It alsoneedstheJAI library.

All of the describednetwork input andoutputclassesform a framework that canbe
usedfor many purposesandwhich canbeextendedeasily. Dueto theuseof abstract
interfaces,the inner spike codingschemesareeasily interchangeable,alleviating re-
searchondifferentschemes.

4.4 Learning

In thecontext of SNNs,therearecurrentlysupervisedaswell asunsupervisedlearn-
ing methodsmentionedin variouspapers(seesection3.5). SNNsare,in theopinion
of the author, naturallyaimedat unsupervisedlearningmethods.Although the emu-
lation of typical supervisedlearningalgorithmssuchasthebacktrackingalgorithmis
possiblewithin thesenetworks,it doesnotseembene�cial to usesuchalgorithms.For
solving problemswith backtrackinglearning,ANNs will currentlyoffer fastercon-
vergence.However, SNNs– especiallyin combinationwith discreteeventsimulation
– allow moredynamicsin the learningprocess,e.g.by makingthe creationandre-
moval of synapsessimpleandstraight-forward(alsorefer to section6.2). Otherways
of determiningnetwork parameterssuchas it is donefor Hop�eld networks canbe
implementedwithout learningduringthesimulation(referto section5.3).
Therefore,in the currentsimulationframework, there is no supportfor supervised
learningalgorithms;it could be addedeasilyby introducingglobal learningobjects
with accessto all Synapse objectsin the simulation.On the contrary, unsupervised
learningmethodscanmostlybeimplementedwith locally availableinformation.In the
following, theapproachtakenin thisdiplomathesiswill bedescribed.Sincelearningis
mostlydonefor synapticparameters,theclassSynapse allowstwo waysto implement
speci�c learningalgorithms:
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1. By overridingSynapse or asubclassthereof,themethodpostNeuronFired can
be overridden.In this method,learningon solely locally availableinformation
(i.e. all synapticparameters,the time of the last pre-synapticspike event and
thetimeof thelastpost-synaptic�ring) canbedoneeachtime thepost-synaptic
Neuron object�res aspikeevent.

2. By creatinganobjectthatimplementstheinterfaceSynapse.LearningMethod
andregisteringit with everySynapse objectthatshouldusethis learningbehav-
ior. Thisobjectcan,dependingonthespeci�c implementation,haveaccessto as
muchinformationasneededfor thelearningalgorithm(for ashortdiscussionof
globalvs. local learningreferto section6.4).

AlthoughSynapse can,by de�nition, not exhibit any supportfor the �rst possibility,
thesecondoneis supportedby theinnerinterfaceSynapse.LearningMethod andthe
default implementationof postNeuronFired :

Synapse.LearningMethod Thisinterfaceis usedfor externallearningalgorithmsthat
arenon-localto theSynapse object,theonly de�ned methodis

public void changeParameters(Synapse sender)

As can be seenin algorithm 2, a Neuron object will notify all of its in-
put Synapse objects of its �ring by calling postNeuronFired . The de-
fault implementationof postNeuronFired in Synapse calls the method
changeParameters of LearningMethod , if it hasbeenregisteredpreviously
(andpostNeuronFired wasnotoverridden).Obviously, sincetheabstractclass
Synapse doesnot de�ne any synapticparameters,the usedLearningMethod
objectwill dependon theoverridingclass.

For usageof this interfacethe readeris referredto theexamplesimulationdescribed
in section5.4. Themainreasonfor implementinganabstractinterfaceis the �e xibil-
ity that is offeredby this approach.SinceJava doesnot supportmultiple inheritance,
overridingSynapse for implementinglearningalgorithmsin postNeuronFired can-
not bedonein a reusableway – e.g.it would be impossibleto usethesamelearning
algorithmfor ConstantPLSynapse objectsandPLSynapse objectswith differentre-
sponsefunction shapeswithout having duplicatecode.On the other hand,learning
algorithmscontainedin objectswhich implementSynapse.LearningMethod canbe
usedfor arbitraryclassesderivedfrom Synapse . Evenif this approachis at compile-
time not type-safefor the input parametersender , run-timetype information(RTTI)
canbeusedto ensureat leastrun-timesafety– asit is donein theexamplesimulation
describedin section5.4.
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Figure4.6:Classeshandlingthevisualizationof simulationparts.

4.5 Visualization

Visualizationis performedusingJava Swingcomponents(to displaythe trajectories)
andinternaleventsaswell asstatechangeevents(to communicatechangesin simula-
tion states).

ScrollingView Thisclassimplementsahorizontallyscrollingview for 2D trajectories.
Theview usesworld coordinatesin a virtual window, de�ned by minimumand
maximumvalues,which are mappedto graphicscoordinatesin the resizable
simulationwindow. It canalsosynchronizewith otherScrollingView objects
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sothatmultipleviewsalwaysshow thesamesimulationtime-frame.

ViewSynchronizer ThisclassisabletosynchronizemultipleScrollingView objects
sothatthey alwaysshow thesamecurrentsimulationtime.

SpikeView This classimplementsa scrolling spike view wherespikes are simply
drawn asvertical linesmarkingthesimulationtime pointswhenthespikesoc-
curred.It candirectly receivespikeevents(by implementingNeuronInput ) and
will alsorecordthosespikeeventsfor drawing andlogging.

PLNeuronInternalView Thisclassimplementsaview for thepotentialandthreshold
functionsof a Neuron , thusits internalstates.It listensto statechangeeventsof
Potential andThreshold objectsandkeepsacompact,internalhistoryof the
paststatesasfarasneeded.

Thesevisualizationclassesnot only displaythe spike andstatetrajectories,but also
show the �e xibility of the simulationframework. To allow this powerful simulation,
no changesto the coresimulationclasseswereneededat all; instead,the visualiza-
tion classesareonly registeredasadditionalevent listeners.In the sameway, more
visualization,loggingor statisticalcomponentscouldbeaddedeasily.
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Chapter 5

Experimental Results

In thischapter, afew experimentalresultsobtainedby simulationsaredescribed.All of
thesesimulationswerecreatedusingtheframework describedin thepreviouschapter.
Sincethesimulationframework is basedonMOSAIC, thebasicstructureof simulation
applicationsalso stemsfrom this. Therefore,all simulationapplicationshave to be
derived from SimApplication andincludea componentderived from ModelPanel .
This panelwill thencontainall of thesimulationcomponents,includingNeuron and
Synapse objects,whicharenormallynot visible,andvisualizationcomponents.
In thefollowing sections,thebasictopologiesusedin thesimulatedSNNsareshown
andthebasicbehaviors of thedifferentsimulationexperimentsareexplained.A com-
parisonwith simulationresultsfrom the GENESISsimulator(confer section2.2.3)
canonly be given for the �rst simulationexamplebecauseno existing, freely avail-
ableGENESISsimulationsof the othernetwork typescould be found; creatingthe
examplesin GENESISwouldhavebeenoutsidethescopeof thisdiplomathesis.

5.1 Simple recurrent network

This example simulation resemblesan example that is distributed with the stan-
dard GENESIS simulator [BB94]. It is available under the examples directory

1 2

Figure5.1:Topologyof a simulationof a simplerecurrentnetwork actingasanoscil-
lator.
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(a)Cell 1 (b) Cell 2

Figure5.2:GENESISsimulationresultsof thesimplerecurrentnetwork.

(/usr/share/genesis/Scripts/ on a DebianGNU/Linux system)as MultiCell
anddescribedby theauthorof thatsimulationasfollows:

This is a simulationof two simpli�ed, but realisticneuronsin a feedback
con�guration.Each cell is composedof twocompartmentscorresponding
to a somaanda dendrite. Each compartmentis composedof twovariable
conductanceionic channelsfor sodium(Na)andpotassium(K). Theden-
dritic channelsare synapticallyactivatedwhile thesomaticchannelsare
voltagedependentwith Hodgkin-Huxley kinetics.

Thereis alsoamoredetaileddescriptionof thesimulationmodelavailablein thedocu-
mentation,for details,thereaderis referredto the�le MultiCell.doc . Fig. 5.1shows
theprincipaltopologyof themodel,with two neuronsbeingfully connectedin a feed-
backloop.In thiscon�guration,thesynapticdelaysareof utterimportancefor system
stability; without thesedelaystheneuronpotentialswould quickly diverge to in�nite
values.Theresultsof theGENESISsimulationof this biologically realisticmodelare
shown in Fig.5.2. As canbeseen,thewholenetwork formsanoscillatorin whichboth
neuronsperiodically�re two temporallyclosespikes.Cell 1 �res at somesmall time
beforecell 2 andthe durationof the oscillationperiodis muchlongerthanthe time
betweenthedual,adjacentspikes.
The discrete event simulation pendant is implemented in the class
mosaic.sim.neuron.simulations.genesis.MultiCell and can be launched
by calling

java -classpath DEVSNeuron-bin-<date>.jar
mosaic.sim.neuron.simulations.genesis.MultiCell
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Figure5.3:Discreteeventsimulationresultsof thesimplerecurrentnetwork.

To achieve comparablesimulationresults,carefulparametertuningwasrequiredbe-
causecurrentlythereis norule for deriving theparametersof thepiecewiselinearsim-
ulation modelfrom the parametersin the compartmentalmodel.Moreover, it turned
outthatthevaluesof thedelayof the�rst synapse(from cell 1 to cell 2) andtheweight
of thesecondsynapse(from cell 2 to cell 1) werecritical for thestability of theover-
all simulation.Thereforeit might be arguedthat an SNN simulatedusingthe model
describedin chapter3 is not stablewith regardto its simulationparameters[Pic00b].
It might or might not bestablewith regardto its input valueswhenthesimulationpa-
rametersarechosenappropriately– asthereareno inputvalues,thisstabilitycriterion
is notapplicableto thepresentexample.
Neverthelessit waspossibleto achievecomparableresultsin the�ring patternof both
neurons.Fig. 5.3shows the�ring patternof thesimulation.As canbeseen,the�ring
patternof the GENESISsimulationis reproducedclosely enoughto prove that for
simulatingthis simple example,the abstractionsand simpli�cations in the discrete
eventmodeldonot in�uence thequalitativepropertiesof thenetwork. It wouldalsobe
possibleto emulatethe�ring behavior morecloselyby changingthesynapticdelays,
but this doesnot in�uence the qualitative results;currently the delayof the synapse
from cell 2 to cell 1 is about5 timeshigherthanthedelayof thesynapsefrom cell 1
to cell 2.
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Figure5.4:Topologyof asimulationof aCuneate-BasedNetwork.

5.2 Cuneate-BasedNetwork

This examplesimulationimplementsa Cuneate-BasedNetwork(CBN) asdescribed
in [SBMC01] and[SMB01]. A CBN modelsthe cuneatenucleus,which is a part of
thesensorysystemin thebrainstem.It is capableof spatialandtemporal�ltering of
spike trains,i.e. it hasedge-detectorlikecapabilitiesfor amplifying the“edges”in the
input signal,candetectthe “strongest”of thoseedgesandwill furthermoresuppress
signalsthatdo not changeover time.Thebasiccodingschemeof this network typeis
ratecoding;thereforethis simulationshows that thesimulationframework is capable
of computationsin thiscodingscheme.
Thetopologyof aCBN,asshown in Fig.5.4, is composedof two interconnectedlayers
of neurons:the�rst layeris acompetitivelayerto whichtheinputsareconnectedusing
restrictedinputwindowsfor eachcompetitiveneuron(in theexampletheinputwindow
hasa sizeof 3) andthesecondlayerimplementsinterneurons.Obviously, thenumber
of interneuronscorrespondsto thenumberof competitive neuronsastheinterneurons
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form a feedbackcon�gurationwith thecompetitiveneurons.
All of theabove mentionedfeaturesof a CBN canbeexplainedby this specialtopol-
ogy:

� edgedetection:Theedge-detectionis performedby theneuronsin thecompet-
itive layer using the given input window andappropriatelychosenweightsof
the respective synapses.In theexamplesimulation,a variationof the laplacian
andsobeledgeextractoroperators[Cas95] hasbeenchosenfor computingthose
weights.

� spatial�ltering: Dueto theinhibitivelateralconnectionsin thecompetitivelayer,
only thoseneuronsthat detectthe “strongest”edgeswill actually�re; this be-
havior is comparableto the implementationof thewinner-takes-allprincipleof
SOM networks in SNNs(refer to section5.4). However, in thecurrentsimula-
tion of a CBN, only a restrictednumberof competitive neighborsis connected
insteadof thewholecompetitive layerbeingfully connected.

� temporal�ltering: Finally, the interneuronswith their inhibitive feedbackcon-
�guration form a kind of temporal�ltering which is able to extract temporal
changesin the input signal.It is importantto notethat this temporal�lter does
not prevent thecompetitive neuronsfrom �ring but only lowerstheir �ring rate
whenever their �ring patternis stable,i.e. the rate-codedinput signaldoesnot
changeover time.Thus,a stable,low output�ring rateof theCBN canbecon-
sideredto notcarryany relevant,new information.

For a more detaileddescriptionof the network features,the readeris referredto
[SBMC01] and[SMB01].
In Fig. 5.5, 5.6and5.7 thediscreteeventsimulationof a CBN is shown, which is im-
plementedin theclassmosaic.sim.neuron.simulations.CBN andcanbelaunched
by calling

java -classpath DEVSNeuron-bin-<date>.jar
mosaic.sim.neuron.simulations.CBN

The �rst 9 views on the very top of the simulationwindows show the inputsof the
network, whicharesimply ratecodedwith aconstantfrequency; inputs0 to 2 (labeled
spikeview input0 to spikeview input2) have a frequency of 0:1 spikesper simulation
unit (spu), 3 to 5 (labeledspikeview input3 to spikeview input5) a frequency of 0:2
spuand6 to 8 (labeledspikeview input6 to spikeview input8) a frequency of 1:0 spu.
Therefore,thereis one“edge”betweeninput2 and3 andanotherbetween5 and6 with
thelastonebeing“stronger”.Thelast7 views(labeledspikeview output0to spikeview
output6) show the outputsof the network in variousphasesof the computation.In
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Figure5.5:Discreteeventsimulationresultsof aCBN – initial phase.

Figure5.6:Discreteeventsimulationresultsof aCBN – intermittentphase.
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Figure5.7:Discreteeventsimulationresultsof aCBN – equilibriumphase.

Fig. 5.5 theinitial phaseof thenetwork is shown directly afterapplyingtheinput.As
canbe seen,the network immediatelyreactsasan edgeextractor, with only outputs
1 and5 (thosedetectingtheedges)beingactive. Due to thenetwork alsoactingasa
spatial�lter , theoutputswhich arecloseto 1 and5 arepreventedfrom �ring. Output
5 shows moreactivity thanoutput1 becauseof thehigherinput �ring rates– but the
distanceis toolargeto becoveredby therestrictedwidth of thecompetitive�eld. After
this initial phase,the interneuronsstart in�uencing the network, causingthe output
patternto �uctuate (seeFig. 5.6). However, sincethe input patterndoesnot change
over time, thenetwork settlesdown andastablepatternemerges(seeFig. 5.7).
Thepresentedexampleshows how well discreteeventsimulationof SNNsis ableto
reproducethebehavior of a biologically inspired,reasonablycomplex network utiliz-
ing not only a feed-forward modelwith synapseweightsbut alsosynapticdelaysas
computationalelements.

5.3 Hop�eld network

In this simulation example,a Hop�eld network with gradedresponse[Hop84] is
emulatedby a SNN as describedin [MN97]. For the internal representationof
neuron input and output values, temporal coding is used (refer to section 3.4)
– thereforethe temporal input coder is used for providing the network with in-
put patterns(refer to section 4.3). The simulation is implementedin the class
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Figure5.8:Topologyof asimulationof aHop�eld network.

Trainingpattern0 h1;0;0;0;0;0;0;0;0;1i
Trainingpattern1 h0;1;0;0;0;0;0;0;1;0i
Trainingpattern2 h0;0;1;0;0;0;0;1;0;0i
Trainingpattern3 h0;0;0;1;0;0;1;0;0;0i
Trainingpattern4 h0;0;0;0;1;1;0;0;0;0i

Inputpattern h0:7;0:3;0:2;NF;NF;NF;NF;NF;0:1;0:3i

Table5.1:Trainingandinputpatternsfor theHop�eld network simulation.

mosaic.sim.neuron.simulations.Hopfield andcanberunby calling

java -classpath DEVSNeuron-bin-<date>.jar
mosaic.sim.neuron.simulations.Hopfield

In theHop�eld network model,all neuronsthattake part in thecomputationarefully
connectedto eachother. Fig. 5.8 shows how eachneuronis connectedto all others
andreceivesexactlyoneinput from outsidethenetwork. Theinputclassesarepartsof
a singleinput coder– in this casean objectof classTemporalInputCoder (refer to
section4.3) – andthereforeprovide consistentinput from a realnumberedvectorthat
is given from theoutsideof thenetwork. As de�ned in thecodingscheme,the �ring
times of single spike eventssentby the inputs to the neuronsin the computational
layerencodethevaluesof theinput vector. As thenetwork is inherentlyrecurrent,the
computationstartedby inputspikeeventswill run in�nitely; theoutputof thenetwork
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Figure5.9:Discreteeventsimulationresultsof aHop�eld network – initial phase.

is thereforede�ned asthestablestatesthat theneuronsconvergeto. With SNNs,this
correspondsto astable,repetitive �ring patternof theneurons.For detectingif a �ring
patternis stable,theclassOutputFilter canbeused.

In the currentprototypeimplementation,thereis a �x ed setof training patternsfor
computingthe weights(seetable5.1) in the initialization phase.Thena single,also
�x ed input pattern,which is a mixtureof the �rst two input patternswith somenoise
added,is givenasinputto startthenetwork computation(seetable5.1; NF meansnon-
�ring , i.e. thecorrespondinginputneuronwill not �re atall). As canbeseen,theinput
patternsareorthogonalto eachotherandshouldthereforeform a very stablebasefor
�x-points in theweightset.Theinputasshown in table5.1clearlyshowsanaf�nity to
the�rst trainingpatternandshouldthereforecausethenetwork to convergeto astable
outputof trainingpattern0.
In Fig. 5.9 theinput spike patternis shown in views Inputview 0 to Inputview 9. Cur-
rently theemerging,stable�ring patternshown in Fig. 5.10is only basedon thelarge
synapticdelaysandnoton thebehavior thatis expectedfrom aHop�eld typenetwork
– to convergeto a stableoutputpatternthatresemblesoneof thetrainingpatterns.At
thetimeof thiswriting, it is unknown to theauthorwhy thenetwork doesnotshow the
expectedbehavior sincethe instructionsavailablein [MN97] and[MN98] have been
followedduringcreatingthesimulation.However, in futurework it mightbebene�cial
to contactthe authorsof thosepapersandclarify any problemsin implementingthe
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Figure 5.10: Discreteevent simulationresultsof a Hop�eld network – equilibrium
phase.

theoreticalconceptsin speci�c simulations.

5.4 SelfOrganizingMap

Thisexampleis asimulationof aSelfOrganizingMap(SOM)asintroducedby Koho-
nen[Koh95], but asaSNNin temporalcoding.Temporalcodinghas– in thiscase– the
enormousadvantagethatthewinnerneuronin thecompetitive layercanbecomputed
fastandlocally. OtherSOM simulationswith SNNsthat usethe ratecodingscheme
dependonthe�ring rateof thecompetitiveneuronsfor determiningthewinnerneuron
in eachtrainingcycle.However, this impliesthat theglobal learningalgorithmhasto
wait until eachneuronhas�red a few timesfor calculatingthe �ring rate.Therefore,
temporalcodingofferssigni�cant advantagesin thisapplication.
Thesimulationis implementedin theclassmosaic.sim.neuron.simulations.SOM
andcanberunby calling

java -classpath DEVSNeuron-bin-<date>.jar
mosaic.sim.neuron.simulations.SOM

In this example,the hot-spotsprovided by the simulationframework for the imple-
mentationof learningalgorithmsareusedfor the�rst time.
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Figure5.11:Topologyof asimulationof aSelfOrganizingMapnetwork.

TheunderlyingmodelusesthestandardSOM topology, which is shown in Fig. 5.11.
As canbe seen,thereis a layer of competitive neuronswhich arefully connectedto
eachothervia inhibitive lateralconnectionsandfully connectedto theinput layervia
adaptive synapses(that aresubjectto learning).Synapticdelaysarenot usedin this
network model,only theweightsareparametersof thenetwork. Althoughtheweights
in theinhibitive lateralconnectionsarealsochangedduringthelearningprocess,they
are just decreasedas the learningprocessadvances.The calculationof theselateral
weightsaswell asthelearningrule for theweightsof theinputsynapsesaredescribed
in [Ruf98, chapter7 andsection11.1];anadaptedlearningrule is citedin section3.5.
Basically, thissimulationcanbedividedinto two phases:

1. Initializationphase:Firstof all, thesimulationtriesto loadatrainingsetthathas
beenusedin a previousrun. If it �nds a �le calledSOM_training_set.dat , it
will loadtheinputvectorsusedfor trainingfrom this �le. If this �le doesnotex-
ist, anew setof trainingvectorsis randomlygenerated.As describedin [Ruf98],
thesizeof thetrainingset– composedof one-dimensionalinputpatterns– is 10
andthepatternvaluesareuniformly distributedover [0:1;0:9].
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After the trainingsethasbeeninitialized, thesynapticweightsareset:For the
input weights (the synapsesconnectingthe input layer with the competitive
layer), the meanvaluesof the training set are used,randomnoise in [� 1;1]
is addedto eachvalue and the weight vectorsfor eachcompetitive neuron
are normalizedto a constantvalue l . As with the input vectors,the simula-
tion tries to locatea �le namedSOM_computed_weights.dat to load previ-
ously computedweights from. In contrast,the lateral weightsare initialized
as ewk; j = 2 �

�
0:25� mk; j=mmax

�
, where mk; j are the elementsfrom the so-

called neighborhoodmatrix and mmax is the largestelementof the neighbor-
hoodmatrix. Theneighborhoodmatrix is de�ned asmk; j = jk� j j, resultingin
mmax = N � 1 whereN is the numberof competitive neurons.Comparableto
the handlingof input vectorsandinput weights,the lateralweightsarestored
alongsidethe learningrate in a �le namedSOM_learning_parameters.dat .
Thisway, thesimulationcanberestartedafterit hasbeenstopped.
Therefore,theinputweights,whicharesubjectto learningin thenext phase,get
initialized with nearlyequalvaluesfor all competitive neuronsbut with some
randomnoise(which is importantfor thelearningalgorithmto work) while the
lateralweights,which areonly decreasedduringthe learningphase,areinitial-
izedwith strictly deterministicvaluesthatform theneighborhood.

2. Learningphase:In this phasethe network is constantlyfed with input vectors
from the trainingsetandthe learningrule is appliedin eachtrainingcycle. To
startthe training cycles,time eventsareusedagain, but on a higherlevel than
for schedulingspike events.Therefore,the training cycle is performedin the
methodprocessSimEvent , which is responsiblefor handlingtimeevents.Each
time this methodis calledby theMOSAIC framework, theneuronsin thecom-
petitive layer are reset,the learningrate and the lateral synapticweights(the
neighborhood)aredecreasedanda randominput vectorfrom thetrainingsetis
fed into theinputcoder.
Theinputcoderwill thengeneratespikeeventsaccordingto thevaluesin thein-
put vectorandsendtheseeventsto thecompetitive neurons.Assumingthat the
input weightshave beenproperlyinitialized, therewill always�re at leastone
neuronin thecompetitivelayer. Whenaneuronin thecompetitivelayer�res due
to theincomingspike events,it will in�uence all othersvia theinhibitive lateral
synapses,delayingtheir �ring with its own spike.Thereforethe�ring of the�rst
neuron,theso-calledwinnerneuron,will delayor possiblypreventthe�ring of
theotherneuronsdependenton thesizeof theneighborhood(i.e. theweightsof
thelateralsynapses).
For eachneuronwhich �res, a learningmethodis appliedto all connectedinput
synapsesat the time of the �ring (refer to section4.4 for detailson how this is
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supportedby thesimulationframework). In theSOM examplesimulation,one
global objectis usedfor implementingthe learningalgorithm.This objectim-
plementstheinterfaceSynapse.LearningMethod andcanthereforechangethe
synapticparametersof thecalling synapsein its methodchangeParameters –
thecurrentimplementationchangesonly theweightsbecausesynapticdelaysare
notusedin theSOMsimulation.For computingthechangeof theweightvalue,
theadaptedlearningrule statedin section3.5 is used,but with a few changesto
uselocally availableinformation:theweightw of a calling synapseis changed
by Dw = h � (Tout � t)=Tout � (s� w) whereh is thecurrent,globallearningrate,t
is thecurrentsimulationtime(i.e. thetimewhenthepost-synapticneuron�red),
Tout is sometime in thefuturewhenall neuronsareguaranteedto have �red and
s is thevaluethat thepre-synapticinput neuronrepresented(i.e. the respective
inputvalue).Only thevaluesh andTout areglobal,all othersincludings, which
canbe derived from the time the pre-synapticneuron�red, areobtainedfrom
locally availableinformation.Therefore,a learningalgorithmthat reliessolely
on informationthat is availablelocally at eachsynapsemight beconstructedin
thefuture– thecurrentalgorithmis astepin thatdirection.

To achieve the expectedresults,carefulandlong parametertuning wasnecessary. It
turnedout that theratesfor decreasingthe learningrateandneighborhoodaswell as
thestartingvaluesfor thelateralweights(forming theneighborhood)werecritical for
theoverall performance.In contrast,theparametersin the learningrule for changing
theinputweightsdid notseemto havesuchamajorin�uence – maybetherangefrom
which they canbechosenfrom is largerthanthoseof theneighborhoodparameters.
With the currentparametervalues,the simulationshows the expectedbehavior: the
competitiveneuronsspecializeonspeci�c inputpatternsandafterenoughtrainingcy-
cles the inhibitive lateralconnectionsprevent neuronsother thanthe winner neuron
from �ring. In thesimulationsourcecode,theparametersarede�ned asconstantsand
canthereforebeexaminedandchangedveryeasily. Fig. 5.12shows that,beforetrain-
ing is conducted,theneuronsreactstronglyto therandominputpattern,with all of the
competitiveneurons�ring atsometime.As describedin [Ruf98, chapter7 andsection
11.1], about4000training cycles,with onerandominput patternper training cycle,
werenecessary. On a standarddesktopworkstationwith anAMD Athlon 1700+CPU
it took about4000secondsto computetheselearningcycles,so that on averageone
learningcycle canbedonein onesecond.However, the�rst 100learningcyclestook
over 250secondsandlatercyclessigni�cantly less;this is a directconsequencefrom
usingdiscreteeventsimulation.Due to the inhibitive lateralconnections,othercom-
petitive neuronsarepreventedfrom �ring in thelaterstagesof thetraining.Therefore
thoseneuronsthatdo not �re anymoredo not needto betakeninto account,allowing
the training cycles to be handledfaster. Fig. 5.13 shows the network behavior after
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Figure5.12:Discreteeventsimulationresultsof aSOMnetwork – beforetraining.

Figure5.13:Discreteeventsimulationresultsof aSOMnetwork – aftertraining.
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about4000trainingcycles– onecycle is de�nedbetweentwo adjacentreferenceinput
spikes,paintedin greenin the simulationwindow. As canbe seen,now only oneor
very few neuronsrespondto agiveninputpattern,which is theexpectedbehavior.

5.5 Comparisons

Sincethenew discreteeventmodelfor simulatingSNNsusesa differentapproachin
simulationthanthecurrentlyusedmodels,its characteristicsmight bequitedifferent.
Onecharacteristicis obviously sharedwith theunderlyingtechniqueof discreteevent
simulation:thattherunningtimeis dependentontheactivity of thesystemrespectively
on theactivity of partsof thesystem.
CurrentSNN simulationtools normally baseon continuoussimulation.This means
that the stateof every neuronandevery synapsein the neuralnetwork needsto be
computedat certainsimulationtime steps(which normally have a �x ed width), in-
dependentlyof their currentactivity. Althoughtheconceptis very well suitedfor bi-
ologically realisticsimulationsandis straight-forward to implement,it might not be
thebesttechniquefor simulatinglargenetworkswhenfocusingprimarily on compu-
tation.Thereasonis that largenetworksareexpectedto have lessconcurrentlyactive
neurons,thusin principleenablinggoodscalability. However, dueto thenatureof the
computationalmodel,continuoussimulationcan,whennot being implementedin a
highly optimizedway, only scalelinearly with the numberof neuronsandsynapses.
This leadsto the tremendousadvantagethat for SNNsthathave a low percentageof
concurrentlyactive neurons,a signi�cant simulationspeed-upcanbeexpectedwhen
usingdiscreteeventsimulationinsteadof continuoussimulation.Thiscanbeachieved
while still computingtheneuronpotentialsasaccuratelyaspossible(only restrictedby
theaccuracy of theunderlyingcomputerarchitectureandprogrammingenvironment).
Currentlytheexamplesimulationsdescribedin theabove sectionsdo not allow a di-
rect comparisonwith continuoussimulation,mainly becausethey were createdes-
pecially for testing and verifying the developedsimulation framework (seechap-
ter 4); simulationswith a de�ned input and output set and a clearly de�ned prob-
lem still needto be created.Therefore,oneof the main goalsof future work should
be to rigorouslycomparethe characteristicsof both simulationmodelsqualitatively
as well as quantitatively. For representingcontinuoussimulation, the freely avail-
ableGENESISsimulator[BB94] will be used.Currentlymany scienti�c groupsuse
speci�c simulationprogramswritten especiallyfor the respective focus of research
[Ruf98, SM01, MN97, QC01, CBG01]. Thereareonly afew standardsimulationtools
that aregeneralenoughto be usedin differentsimulationsituations.Oneof themis
GENESIS, a simulationtool developedat the University of Berkeley, Californiaand
usedby neuro-biologistsaswell ascomputerscientistsfor conductingresearchon bi-
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ologically realisticneuralnetworks.Sinceits maingoal is to bebiologically realistic,
neuronsandsynapsesaretypically modeledwith numerouscompartmentsandsimu-
latedaccordingto the Hodgkin-Huxley equations(refer to section2.2.3). GENESIS
seemsto beagoodrepresentative for simulationtoolsusingcontinuoussimulationbe-
causeit is widely usedandaccepted.For representingthetechniqueof discreteevent
simulation,thesimulationframework developedin this diplomathesisshouldbeex-
tendedandoptimizedto suit the needsof conductingthe rigorouscomparison.The
resultingsimulationsystemshouldalsobegeneral,beinga discreteeventsimulation
pendantto GENESIS.
Therefore,simulationresultsobtainedwith GENESISshouldbecomparedto simula-
tion resultsobtainedwith thecreatedsimulationsystem:

� For qualitative comparison,the computationalcharacteristicsof the simulated
SNNswill be the determinative factor, sincethis diploma thesisandpossible
future work mainly focuson makingSNNsmoreusablein practicaltechnical
applications.Thesecomputationalcharacteristicsmight involve theability to do
spatio-temporal�ltering, to reproducesometrainedpatternsor to classifypat-
terns.A sub-goalwill beto speci�cally selectsomenetwork typesandapplica-
tionsthatallow sensiblequalitative comparisons.

� For quantitativecomparison,thesimulationspeedwill bethedeterminative fac-
tor. By modelinga speci�c network structureboth in GENESISand the new
simulationframework – presumedthatthequalitative featuresarecomparable–
thesimulationspeedwill bemeasuredin termsof advancedsimulationtime in
some�x edreal time; a secondmethodwill be to determinethe largestnumber
of neuronsandsynapsesin somenetwork structurethat still canbe simulated
in real-time.Thesetwo measuringunits allow a numericalcomparisonof the
differentsimulationtechniques.
Although largernetworksareexpectedto typically have a lower percentageof
concurrentlyactive neurons,thus allowing large network simulationsto scale
betterthanlinearly, therewill probablybecaseswherecontinuoussimulationis
bettersuitedthandiscreteevent simulation.The comparisonof the simulation
techniqueswill allow to make statementsaboutthe usability of discreteevent
simulationin differentcasesandapplicationdomainsandmight allow to give
recommendationson theuseof simulationtechniquesfor giventasks.Probably
therewill alsoexist somecritical parametersthatin�uence thesimulationspeed
of event simulatedSNNsdrastically. Anothersub-goalof the comparisonwill
beto �nd someof thosecritical parameters.

Summarizingit canbesaidthata rigorouscomparisonbetweencontinuousandevent
basedsimulationof SNNsstill hasto beconductedto fully provetheadvantagesof the
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simulationmodelproposedin this diplomathesis;however, asit hasbeenpresented
in thissection,a reasonablecomparisoncannotbedoneeasilyandis thereforeoutside
thescopeof thisdiplomathesis.
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Chapter 6

AdvancedTechniques

In this chaptera few, moreadvancedsimulationtechniqueswill beshortlydiscussed.
Thesetechniquesarecurrentlynot usedor implementedin thesimulationframework,
but someareat leastpartlysupportedby alreadyde�ned interfaces.Thischapterthere-
fore lists someof thepossiblefutureenhancementsor directionsof development;for
few of them,it still hasto be decidedif they areneededto make future simulations
morepowerful or if other, differenttechniquesmightbemoreadvantageous.However,
currently the methodsdescribedin the following sectionsseemto offer many bene-
�ts for makingsimulationsfaster, more�e xible or morepowerful. It is importantto
notethatthe�rst threetechniquesarecompletelyindependentof eachother, makingit
possibleto implementany of themwithout interferingwith theothersatall.

6.1 Building blocks

Onepossibility to easethe creationof large,complex SNNsis to constructthemhi-
erarchically:partsof theSNN canbecomposedof a numberof simplerpartsthatare
connectedto eachothervia clearlyde�ned inputsandoutputs.Thesecompositionscan
again form componentsof a largernetwork block themselves,alsohaving de�ned in-
putand/ or outputinterfaces.Themainadvantageof building blocks,besidesmaking
it possibleto handlethecomplexity of largeSNNswith well-known systemtheoretical
methods,is that thesebuilding blocksarereusable.Suchblockscouldbeparameter-
ized andthusbe seenasblack boxeswith de�ned input andoutputbehavior (e.g.a
visual2D �lter modeledafterthecuneatenucleusin thehumanbrain).
As sketchedin Fig. 6.1, aSNNcanbecomposedof differentblocksthatareconnected
via their input andoutputports,with differentcomponentshandlingdifferentpartsof
thewholenetwork's inputsandoutputs.However, thesamenetwork canalsobeseen
in a hierarchicalview, showing how the componentsform a tree structurewith the
network beingthe root. This treestructureresemblesa holarchy built from holons–
entitiesthat area whole for themselvesanda part of someotherwhole at the same
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Figure6.1:Networkscomposedhierarchicallyof simpler, reusablecomponents.

time (cf. [Pic98, Pic99]); thesubtledifferencebetweena hierarchy anda holarchy is
thata holarchy doesnot allow the inclusionof partsfrom a higherlevel in partsof a
lower, e.g.amoleculecontainsatomsbut not viceversa.
In thecurrentsimulationframework, this concepthasbeenusedto build thenetwork
input andoutputconvertersasdescribedin section4.3. Thoseconvertersoffer a well-
de�ned input or outputinterfaceof thewholeSNN, effectively transformingit into a
blackboxto outsidecomponents.Althoughtheexamplesimulationswhichimplement
variousnetwork topologies(seechapter5) arecurrentlynot implementedasbuilding
blocksthat canalreadybe integratedinto otherSNNs,carehasbeentaken to make
themasgeneralaspossible– mostof the parametersthat control the topologyand
behavior of thenetworkshave beenimplementedeitherasparametersor asconstants.
Thusit shouldbe simpleto convert thoseexamplesimulationsinto parameterizable,
black-boxbuilding blocksassoonasinterfacesfor constructingholarchieshave been
de�ned andaresupportedby thesimulationframework.

6.2 Dynamic topology

Within the currentsimulationframework, which is implementedin a clean,object-
orientedmanner, thereis the possibility for handlingthe numberof neuronsaswell
asconnections,i.e. thesynapses,within anSNNdynamically. Becauseof theinherent
eventbasednatureof thesimulationmodel,neuronsarecompletelyindependentof the
numberof inputandoutputsynapseswhichareconnectedto them,evenatrun-time.In
fact,neuronsonly maintaina dynamicallymanagedlist of synapsesfrom which they
receive input (for providing thosesynapseswith post-synaptic�ring eventsusedfor
learningpurposes,seesection4.4) andto which they shouldsendtheir �ring events;
thereis nootherinformationnecessary, andthereforeavailable,in theneurons.Bothof
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thoselists canbechangedeasilyduringrun-time.Of course,it is alsopossibleto add
andremove whole neuronsduring run-timebecausethey canbe connectedto others
on the�y by creatingappropriatesynapses.
Therefore,thesimulationframework lendsitself naturallyto techniqueslike pruning
andgrowing [LDS+ 90, PH95], i.e. changingthe network sizeandconnectivity dur-
ing learning.Thesetechniquescan now be implementedeasily in speci�c learning
algorithms– possiblyevenwithoutweightnormalizationwhich is biologicallycontro-
vertiblebut usedby somecurrentalgorithms[LO01].
Taking the ideasfrom the previous sectioninto account,the techniqueof dynamic
connectionscanbegeneralizedto work at any layerof thehierarchy: on the layerof
neuronsandsynapses,i.e. insidea building block, it canbeusedto createandremove
synapsesdue to learningrules; on the layer of building blocks, it could be usedto
dynamicallyconnecttheinputsandoutputsof differentbuilding blocksto eachother,
e.g.becauseof blockswith differentparametersbeingvaryingly successfulin solving
agivensub-problem.
With thecurrentsimulationframework, which builds on eventsimulation,dynamical
interactionbetweensystemcomponentsduringrun-timebecomespossibleandcanbe
conductedeasily. Thesenew possibilitiesmight well leadto thedevelopmentof new
learningalgorithmsthatsupersedecurrentonesin qualityandspeed.

6.3 Parallel simulation

As thesimulationof neuralnetworks,especiallyof themorecomplex SNNs,requires
highcomputationalpower to run in realtimeevenwith carefuloptimizations,asingle
processormachinemight be too slow to tackle large problems.Although available
processorspeedcurrentlyseemsto abideby Moore's Law [Sch97], therewill always
beproblemsthataretoo complex for singleprocessormachinesin termsof execution
time or memoryconsumption.Therefore,at the momentthe only way to approach
suchproblemareasseemsto be the useof parallel systems,i.e. systemscomposed
of morethanoneinterconnectedprocessors;in this diplomathesisthe term parallel
simulationis usedto describea simulationrunning on a parallel computersystem.
Parallel simulationputsthe reductionof executiontime in themainpoint of view as
opposedto connectinggeographicallydispersedsimulations,which is referredto by
distributedsimulation.

As hasbeenoutlinedin previous chapters,SNNs– asa modelof neuralnetworks –
areparallelin their innermostnature.Thereforethey nearlydemandtheapplicationof
parallelsimulation.But,andthiscouldbeseenasadisadvantageof discreteeventsim-
ulation,acausalchainemergesdueto theeventssentfrom onesimulationcomponent
to theother[ZPK00]. To satisfythis causality, eventshave to beprocessedin a strict
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orderwhichis partlysequential,imposingalimit onthedegreeof possibleparallelism.
With continuoussimulation,causalityis alwayssatis�edwhentheparallelprocessors
run thesimulationwith thesamespeed;but with discreteeventsimulation,carehasto
betakento assurecorrectparallelexecution.
In thelast two decades,a few approachesto parallelsimulationhave beendeveloped,
whichcanbecategorizedasfollows:

� conservative: Introducedin thelate1970s[CM96, CM81], conservativeparallel
discreteeventsimulationprincipally strictly avoidscausalityviolations.There-
fore,eventsthatconstitutedependenciesbetweendifferentcomponentsareexe-
cutedin theorderof their timestamps.

� optimistic: In contrastto conservative approaches,optimisticparallel discrete
event simulation allows the execution of events that might possibly violate
causality;but it supportsa rollback mechanismfor annihilatingthe effectsof
eventswhichwereexecutedaheadof timeandcausedacausalityviolation.One
implementationof thisapproachis theTime-Warp algorithm[JS85, JBW+ 87].

Based on these principles, the underlying DEVS simulation system – currently
MOSAIC – couldbeextendedto a paralleldiscreteeventsimulation(PDES)system.
Whentheobject-orientedconceptis followedclosely, only minimalchangesshouldbe
necessaryto adaptthecurrentsimulationframework for utilizing parallelsimulation.
However, modi�cationson a higherlevel, namelyon thelevel of speci�c simulations,
might becomenecessaryto minimize the dependenciesbetweensimulationcompo-
nentsandthereforeachieve a signi�cant speed-upin theparallelsimulation.Theuse
of closed,black-boxbuildingblockswith restrictedsetsof inputandoutputportsmight
help in achieving low couplingbetweenandhigh coherencein thoseblocks.This as
well astheuseof local learningalgorithms(seenext section)minimizethedependen-
ciesandarethusadvantageousfor ef�cient parallelsimulation.

6.4 Local learning

For various topologiesof neuralnetworks thereexist different learningalgorithms
which are more or lesscapableof tuning the network parametersto achieve a de-
siredbehavior. However, many of themdependon at leastpartially global informa-
tion suchassomeerrorvaluefrom otherlayers(cf. [Zel94, chapter8]) or a “winner”
amongsomegroupof neurons(cf. [Zel94, chapter15]). Suchlearningtechniques,in
thisdiplomathesiscalledglobal learning, aredisadvantageousbecauseof mainly two
problems:
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� It is very dif�cult, if not impossible,to achieve reasonablespeed-updue to
the useof parallel simulationas describedin the previous section;gathering
all the information neededfor learning almost always requiressynchroniza-
tion betweenthe parallel processors.Thereforethe simulationspeedthat can
be achieved is drasticallylimited with the learningalgorithmrepresentingthe
bottleneck.

� Theuseof suchglobalinformation,which is notavailablelocally at thosecom-
ponentswherelearninghappens(normally the synapses)is biologically ques-
tionable(agoodsummarycanbefoundin [KK00]).

Thereforeit might be much betterto develop local learning algorithmsthat utilize
solely information which is locally available to the componentthat is modi�ed by
learning,e.g.thesynapse.In thecurrentsimulationframework, aPLSynapse object(a
Synapse objectwith piecewiselinearresponsefunction)hasthefollowing information
locally available:its own weightanddelayparameters,thetimeof thelast�ring of the
pre-synapticNeuronobjectandthelast�ring time of thepost-synapticNeuron object
(which is biologicallymotivatedby backpropagatingactionpotentials).
Particularly in the context of parallelsimulation,local learningalgorithmsmight of-
fer enormousincreasesin simulationspeedbecauseof lessinterdependenciesbetween
simulationcomponents.Theadaptedversionof a SOM learningalgorithmpresented
in section5.4 is a �rst approachto a truly local versionof SOM learning.Currentlyit
seemsthatunsupervisedlearningmethodsaregenerallybettersuitedfor local learning
becausesupervisedmethodsalwaysneedthedesiredoutputvalueor statein addition
to theoutputproducedby thenetwork. This desiredoutputmustbenon-localby de�-
nition – it is givenfrom theoutsideof thenetwork by some“trainer”.
But thereis alsosomedrawbackof local learningalgorithms:They mightcollidewith
the utilization of dynamicsynapses(refer to section6.2). Currentlyit is unknown to
theauthorif it is possibleto locally determinethenecessityfor creatingor removing
simulationcomponents,suchasneuronsor synapses– this shouldbea topic of future
research.
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Chapter 7

Conclusionand Outlook

In this diplomathesis,a new model for simulatingSNNsef�ciently hasbeenintro-
duced,backedby a prototypesimulationframework whichalreadyimplementsit. Af-
ter explaining thecurrentlyknow theoreticalfoundationsin chapter2, themodelhas
beenpresentedin chapter3. Themostimportantaspect,which differentiatesthis new
model from other ones,is the useof discreteevent simulation(cf. section2.3). To
enablethe ef�cient simulationby calculatingthe neuron�ring timesin advance,the
modelutilizespiecewise linear functions;a formal syntaxfor computingwith piece-
wiselinearfunctionshasbeenintroduced(cf. section3.1) andalgorithmsfor merging
– usedfor calculatingthe effect of a synapseresponseon the post-synapticneuron's
potential– aswell asintersectingtwo functions– usedfor calculating�ring times–
have beendescribedandimplemented(cf. sections3.2 respectively 3.3). Thesealgo-
rithms form thebasisof the implementedprototypesimulationframework; it is built
aroundneuronsandsynapseswhichcommunicatevia internalsystemevents(cf. chap-
ter4). As couldbeseen,thebasicstructureof theframework is veryabstract,allowing
many differentfeaturesto beimplemented.Onesuchpossibleenhancementwould be
to useother function typesin additionto the currentlyusedpiecewise linear ones–
maybepolynomialor splinebasedfunctionsmight bebene�cial to solve somegiven
problemsef�ciently .
Moreover, a few examplesimulationswereperformedto show thecurrentfeaturesof
thesimulationframework (cf. chapter5). Startingwith averysimplefeedbackoscilla-
tor con�guration,themainstrengthsof theframework wereshown. This �rst example
waschosento show thatsimplesimulationscanbebuilt easilybut automaticallyutilize
thefull powerof eventbasedsimulation.A simulationof abiologically inspired�lter -
ing network,aCBN,waspresentedasthesecondexample,showing how the�ring rate
codingcanbeusedto feedinput into anSNN.To show thatSNNscanindeedemulate
standardANNs, the third exampleshows the simulationof a Hop�eld type network
in temporalcoding.This exampleclearlybene�ts from thediscreteeventsimulation,
sincetherecurrenceof theHop�eld network is inherent,causedby thefully connected,
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feedbacktopology; it doesnot have to be implementedespeciallybut the SNN uses
standardneuronsandsynapseswithout any modi�cation. Thereis alsono needfor
“steps” in the simulation,usuallysupervisedglobally. Finally, the last exampleis a
morecomplex one,simulatinga SOM network in temporalcoding.It usestheframe-
work'scapabilitiesfor implementinglearningalgorithmsby de�ning apartiallyglobal
learningmechanism– but theaimshouldbeto uselocal learningalgorithms.

Althoughat themomenttherearenodirectcomparisonsto theuseof continuoussim-
ulation, the potentialof this new techniqueis clearly visible. Due to the application
of discreteeventsimulationtechniquesit shouldbereasonableto simulatelarge-scale
neuralnetworks with thousandsof neuronson standardworkstations,also facilitat-
ing the investigation in the in�uence of differentfunctiontypeson thecomputational
power of spikingneurons.This expectationis basedon thefactthattheapplicationof
discreteeventsimulationfor ecosystemsshowedaspeed-upof about100(!) [Moo96].
This signi�cant increasein simulationspeedcan– in additionto thebetterscalability
– beusedto drasticallyincreasethenetwork size.For moresophisticatedsimulations,
thenumberof neuronsis expectedto bethedeterminative factor. Furthermore,thead-
ditional degreesof freedomdueto the freely de�nable shapeof all functionsin the
systemwill allow to conductexperimentson theimportanceof variousaspectsof the
modelonthecomputationalpower. Withoutbeingrestrictedto �nding aclosedmathe-
maticalrepresentation,thisfreedomin modelingfunctionshapescanallow completely
new computationalelementsto bebuilt outof spikingneurons.Oneaimof futurework
shouldde�nitely beto createsimulationsthatarecurrentlynot possiblewith continu-
oussimulation.However, future researchhasto show that theassumptionsthatwere
madehold trueandthateffectsof biologicalneuralnetworks(suchassynchronization
betweenquasi-chaotically�ring neurons)arereproduciblewith thismodel.
Finally, in chapter6 afew possibledirectionsfor futuredevelopmentsweresuggested.
Theseenhancementsmighthelpin masteringthecomplexity of largeneuralnetworks,
enablingtheuseof new learningalgorithmsor achieving additionalsimulationspeed-
up. More advantageousdevelopmentsmight comefrom researchon informationen-
coding – intuitively it seemsthat much more complex coding schemesare usedin
biology. Although empiricalstudiessuggestthat all of the differentcodingschemes
thathavebeendiscussedin thisdiplomathesis(temporalcoding,ratecodingandpop-
ulationcoding)areusedin someareasof thehumanbrain[RWdRvSB97], they might
aswell beusedconcurrently. Whenthinkingaboutthefastinformationprocessingthat
thevisualsensorysystemis capableof, togetherwith beingthehumansensethatalso
providesmoredetailinformationthanany othersense,exactlyoneideacomesto mind:
thatspikecodingresemblessomesortof fractalcoding, the�rst spikescarryingcourse
informationbut transmittingit quickly andfollowing spikesdeliveringmoreandmore
details.
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Concludingit canbesaidthatthis diplomathesiscanonly bea smallstepinto thefu-
tureadoptionof SNNsin practicalapplications.Althoughsomemayhave theopinion
that futureresearchon neuralnetworkswill furtherdifferentiatethefoci of computer
scientistsandneuro-biologists[Zel94, page574], theauthorbelievesthatthecontrary
may be true: SNNsmight offer advantagesfor applicationsin computerscienceand
for researchin neurobiology, allowing bothcommunitiesto shareinsights.Allowing a
fastsimulationof largenetworksby applyingdiscreteeventsimulationis hopefullya
stepinto thisdirection.
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