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Kurzfassung

SpikendeNeuronaleNetzwerle werdenaufgrundihrer verbesserteffrlexibilitat und
erhohterAnzahlvon Freiheitsgradegernealsein neuesBerechnungs-&tadigmaan-
gesehen- sie stellendendirektenNachfolgerder KunstlichenNeuronalerNetzwer

ke dar Obwohl die EigenschafterdiesesneuenTyps NeuronalerNetzwerle derzeit
nur in begrenztemMalebekanntsind, ist er dennocheindeutigleistungsfahigeanls
seinVorganger;au3erder moglichenSimulationKunstlicherNeuronaleMNetzwerle
in Echtzeitkbnnenneue,zuvor unbekannteBerechnungselementa der Modellie-
rung verwendetwerden.Allerdings erfordernaktuelleImplementierungzur Simula-
tion SpikenderNeuronalerNetzwerle bisherden EinsatzkontinuierlicherSimulati-
onstechnikn, durchdie Skalierbarlit auf grol3eNetzwerle mit vielen Neuronener-

schweren.

DieseDiplomarbeitfiihrt ein neuesModell fir SpikendeNeuronaleNetzwerle ein,
welchesdie Anwendungvon schneller diskreter ereignisbasierteSimulation er-
laubt; dadurchentstehermdglicherweiseenormeVorteile in Flexibilitat und Ska-
lierbarkeit, ohnedie qualitatve Berechnungsleistungu mindern.Das neueModell
wurde auRerdenin einemPlattform-unabhangigein Java geschriebeneRrototyp-
Simulationsframeork implementiert Durch die ausschlie3lich&erwendungliskre-
ter ereignisbasierteSimulation beweist das Frameavork die Funktionsfahigkit des
neuenKonzepts— es wurde bereits erfolgreich zur Emulation von Standardtypen
KlnstlicherNeuronalerNetzwerle sawie zur Simulationeinesbiologischinspirier
tenFilter-Modells eingesetztDie ResultatedieserSimulationerwerdenin folgenden
KapitelnprasentiertindmoglicheRichtungerfir zukiinftigeWeiterentwicklungemn-
gegeben Zusatzlichwerdeneinige erweiterteTechnilen beziiglichdesEinsatzeslis-
kreter ereignisbasierteSimulationanggeben,um die durch dasneueKonzeptent-
standeneoglichkeitennutzenzu kénnen.



Abstract

SpikingNeuralNetworksareconsideredsanen computatiorparadigmyepresenting
the next generatiorof Arti cial NeuralNetworksby offering more e xibility andde-
greesof freedomfor modelingcomputationaklementsAlthoughthis type of Neural
Networksis rathernew andthereexists only a vagueknowledgeaboutits featuresjt
is clearly more powerful thanits predecessonot only beingableto simulateArti -
cial NeuralNetworksin real time but alsooffering nev computationaklementghat
were not available previously. Unfortunately the simulationof Spiking Neural Net-
works currently involves the useof continuoussimulationtechniquesvhich do not
scaleeasilyto large networkswith mary neurons.

In this diplomathesis,a new modelfor Spiking Neural Networks is introduced;it

allows the useof fastdiscreteevent simulationtechniquesand possiblyoffers enor

mousadwantagesn termsof simulation e xibility andscalabilitywithout restricting
the qualitatve computationapower. As a proof of conceptthe nev modelhasbeen
implementedn a prototypesimulationframenork, written platform-independentlin

Java. This simulationframework utilizessolelydiscreteeventsimulationandhasbeen
successfullyusedto emulatetypical Arti cial NeuralNetworks andto simulatea bi-

ologically inspired Iter model. Theresultsof the conductedxamplesimulationsare
presenteéndpossibledirectionsfor futureresearctaregiven. Additionally, afew ad-
vancedtechniquesegardingthe useof discreteevent simulation,which offers some
new opportunitiesareshortlydiscussed.
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Chapter 1

Intr oduction and Overview

Currentlythetechnologyof NeuralNetworksis undegoingachangeganew generation
of NeuralNetworks is on the verge of becomingimportantfor theoreticalconsidera-
tionsaswell aspracticalapplications At the moment,NeuralNetworks aresuccess-
fully usedfor several applicationdomainsin computersciencetypically for: pattern
recognitionsuchasspeechecognitionspealerrecognitionfacerecognitiongetc.;pat-
tern classi cation suchas quality assurancestockindex prognosiscreditworthiness
rating, etc. Such networks are formal computationalmodelsinspired by biological
NeuralNetworkslike the humanbrain. But recentbiological evidenceled to the con-
clusionthat currentArti cial Neuml Networks(ANNs) may not be very well suited
for fastinformationprocessinglTEM96], whichis neededvhentrying to recognizeor
classifylive datainput. Oneof thereasonsnightbethatcurrentANNs modelonly one
aspecof theinformationtransmissionsvhich take placein naturalNeuralNetworks,
namelythe ring rateof Neurons[Zel94]. However, biological experimentsshaved
thatthevisualsystemin thehumanbraintransmitsatleastsomeinformationin the ex-
acttiming of singleelectricalimpulses known asspikes.Whenaveragingover those
spikes for computingthe ring rate, much of the encodednformationwill be lost.
To modelthe temporalaspeciof informationtransmissionSpikingNeural Networks
(SNNs)have beendeveloped;this mathematicamodelof NeuralNetworks explicitly
modelsthe exact timing of single spikes. Unfortunatelycurrenttechniquedor sim-
ulating SNNs needtoo much computingpower to be usedin practicalapplications
wherecomputatioris in themainpointof view, creatingthe needfor bettersimulation
technique®f this mathematicamodel.

At the momentthereexist a few simulationtoolsthatcanbe usedto modelandsim-
ulate SNNs; amongthe most popularis GENESIS the Generl Neural Simulation
Systen{BB94]. But this systemhasbeendevelopedto simulatethe basicelements
known in neuro-sciencat a level of greatdetail, modelingeachneuronwith possibly
multiple sectionspamedcompartmentsandmodelingthe compartmenbehaior with
neuro-electricabquationsThus, it is well suitedto simulatethe biological behaior
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very closely allowing neuro-biologistdo conductresearcton the level of singleneu-
ronsor few interconnectesheuronsHowever, NeuralNetworksin computerscience
applications- alsoin embeddeaystemdiding their usage- areusedat anotherevel
of abstractionthesedifferentmodelsof SNNs canbe seenasa multi-stratasystem
[MT75] (alsocf. [Pic00§). GENESISimplementsa modelthatlies beneattthe level
of topology behaior andlearning.It canbe usedto simulatethis level, but it was
not developedfor this purposeandis thereforgust barelyquali ed for it. To conduct
researchon the topology behaior andlearningof SNNs, which is the “computer
scienceandinformationtheorylevel” asopposedo the “neurobiologylevel”’, more
abstracimodelsareneededUnderthis circumstanceit is moreimportantto simulate
large populationsof neuronstogetherwith their interactionsthanto simulatesingle
neurongn detail.

In orderto do so,thisdiplomathesistriesto utilize thetechniqueof discreteeventsim-
ulation [ZPKOQ] — by approximatingll usedfunctionswith piecaviselinearfunctions
—to computeSNNSs, possiblyoffering anenormousncreasean both simulationspeed
andscalability Using discreteevent simulation,only thosepartsof an SNN thatare
active at a giventime needto be simulated,concentratingpn the importantpoints of
the simulationandthusallowing the simulationof largerandmoresophisticatedNeu-
ral Networks. Within the presenthesistheaim s to constructa prototypesimulation
framework that canbe usedto easily conductsimulationsof SNNsby only de ning
thenetwork structure Theincreasen simulation e xibility, speedandscalabilityshall
enablethe useof the next generatiorof Neural Networks — the Spiking Neural Net-
works—in practicalapplicationspffering morepotentialfor self-learningoehaior in
commonlyusedsoft- andhardwaretools.

In chaptefd thetheoreticafoundationsnwhichthisthesisbuilds uponareintroduced.
After summarizingthe history of the developmentof NeuralNetworks and giving a
motivationfor researclon SNNs,themostimportant,currentlyusedmodelsfor SNNs
anddiscreteeventsimulationarepresentedAlthough, for the rst time thesemodels
wereintroducednearly 10 yearsago,to the authors bestknowledge,this seemgo be
the rst attemptto unify them-to applydiscreteeventsimulationto SNNs.A formal
model allowing this application,which hasalreadybeenpresentedn [MAP ™ 02], is
thoroughlyintroducedin chapter§. One of the basicabstractionsvhich allows ef -
cientsimulationis the usageof piecaviselinearfunctions.To allow formal statements
in thenew model,aspecialnotationfor calculationswvith piecaviselinearfunctionsis
presentediollowedby therespectre formulationof thefunctionsusedin themodelof
SNNs.Sincethe maintaskin discreteeventsimulationis to calculatethe timeswhen
eventsarise,analgorithmfor calculatingneuronring timesin lineartime compleity
hasbeendeveloped.Thisformal modelis completedy the descriptionof codingcon-
vertersatthenetwork in- andoutputsanda discussiorabout rst learningalgorithms.



Sincethe secondaim of this diplomathesis— in additionto the developmentof the
aforementionedormal model- is the creationof a prototypesimulationframework;
this implementationof the modelin Java codeis describedn chapterf]. However,
the descriptionis restrictedto the structuralandfunctionalconceptsdetailsareonly
shavn whereappropriateand necessaryor an understandingf the inner concepts.
A detaileddescriptionof all implementedcomponentsan be found in the form of
Javadocdocumentationwhich is generatedlirectly from the augmentedava source
codeand is accompawing this diplomathesis.Currently the prototypesimulation
framework implementghe handlingof spike eventsatthe neuronalandsynapticlayer
andenabledo build networks of neuronsandsynapsed-urthermoreit containsvisu-
alizationcomponentso gainanoverview of theinnernetwork operationsEventhough
the framework currentlyis only in the stateof beinga prototypeandmostly actsasa
proof of conceptjt alreadyworksvery well for someexamplesimulationsandis well
suitedasthebasdor conductingesearclondiscreteeventsimulationof SNNs.Based
ontheMOSAIC simulationframenork andwrittenin theJava programminganguage,
theprototypesimulationframework is completelyindependentf thehardwareandthe
operatingsystem- but currentlynotespeciallyoptimizedwith respecto runningtime.
Thedevelopedprototypesimulationframenork wasusedto performafew simulations
of SNNswith discreteevent simulation. The structureandresultsof theseexamples
arepresentedn chaptelf; four differentexampleshave beenconstructedo shav the
capabilitiesof the simulationframavork. After that, a few ideason the future devel-
opmentare given in chapter: First of all, it might be advantageoudo apply sys-
temtheoreticamethodg€o SNNsby constructinghemin a hierarchicalway, forming
componentfrom simplerpartswith clearlyde nedinputandoutputbehaior. Thisap-
proachmighthelpin masteringhecompleity of largeandpowerful NeuralNetworks.
Then,to make learningalgorithmsmore e xible andpossiblybetterin solving given
problems the supportto createand remove simulationcomponentsiuring run-time
is explained.Becauseéhe simulationof large SNNsin real time might not be possi-
ble on currentsingleprocessosystemsafew approachesn parallelizingthediscrete
eventsimulationaresummarizedFinally, a shortdiscussioraboutthe applicationof
learningalgorithmsthatuseonly locally availableinformationandtheir relationto the
biologicalinterpretationcompleteghis terselist of ideasfor possiblefuture research
topics.

Chapter] then gives a summaryof the whole thesisby draving conclusionsand
presents@ morespeculatre future perspectie concerninghe usageof SNNs.

It shouldbe pointedout that this diplomathesisis not aboutneurobiology Although
somedetailsof the biological modelof Neural Networks are presentecand Spiking
NeuralNetworks areinspiredby biology, the mainintereststemsfrom computersci-
enceand information technology- to shawv what can be donewith biologically in-
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spiredcomputationaimodels.Many of the detailsfrom biological modelshave been
intentionallyabstractedo allow a shift to a higherlevel, wherethe simulationof large
populationsof neurondgs possiblewith currentcomputingresources.



Chapter 2

Theoretical Foundationsfor Spiking
Neural Networks

2.1 Articial Neural Networks

Arti cial NeuralNetworks (ANNSs) aresystemdor informationprocessingmodeled
after biological NeuralNetworks like the humanbrain. All NeuralNetworks sharea
commoncharacteristicthe useof a large numberof simple, connectednformation
processingelementycalled neurons)forming a network. The strengthof all Neural
Networksliesin their connectionsyhich containthe storedinformationandform the
processingstructureof the system Anothermajorfeatureof NeuralNetworksis their
ability to learn. Although NeuralNetworks actasan informationprocessingystem,
they typically cannotbe “programmed’or “parameterized[Zel94].

Insteadof this, NeuralNetworkslearntheir behaior. This learningcanbe performed
usingeithersuperviseanethodsgiving the NeuralNetworksinputvaluesandalsothe
respecire desiredoutputvalues,or unsuperviseanethodsvherethe NeuralNetwork
classi esinput valueson its own. During the learningprocessa typical Neural Net-
work not only storesthe presentednput patterngo recognizethemin the future, but
alsoaccomplishes generalizatiorsuchthatuntrainedinput patternshatarecloseto
trainedonescanalsoberecognizedTherearequite someadwantagef NeuralNet-
worksin contrastto corventionalalgorithms(someitemsweretaken from [£el94]),
dueto whichthey areawidely acceptec@ndsuccessfutomputationaklement:

As alreadymentionedNeuralNetworks have theability to learn,enablingthem
to computefunctionsfor which no formal, mathematicatepresentatioms cur-
rently known. In addition, they are able to representary function, simple or
compl, linearor non-linearthey areuniversalapproximatorgKol57].

Additionally, they are more fault-tolerantthan otheralgorithmsbecausesmall
changesn the input valuesnormally causeno changesn the outputvaluesat
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all. NeuralNetworks canalsoadaptto thefailure of singleor multiple Neurons,
allowing thewhole systemto still be ef cient enoughwhensomepartsfail.

Furthermoredue to their inherently parallel nature,very high computational
ratescanbe achievedwhenNeuralNetworks areimplementediirectly in hard-
wareor simulatedusingparallelalgorithms(seesectionp.J).

Another major advantagefor someapplicationsis that informationin Neural
Networksis storedassociatiely; i.e. it is muchsimplerto recalla patternthatis
closeto theinput patternthanit would bewith randommemorymachines.

Due to the automaticclassi cation and generalizationof input patterns(that
someNeural Network typesare capableof), sensibledefault valuesare auto-
matically choserfor incompletelyspeci edinput patterns.

But, ashelpful NeuralNetworksarein somesituationsthey alsohave somedisadwan-
tages:

A Neural Network typically behares as a black box in the systemtheoretical
sensgPS9(); whengivenaninputvalue,the network producesanoutputvalue.
But in thegeneralcaseit will notbe possibleto deducehebehaior of the net-
work from its internalparametersvithout completelysimulatingit. This makes
it dif cult, if notevenimpossibleto validateNeuralNetworksfor their correct-
nessn solvingagivenproblem.

Gainingknowledgewithin a NeuralNetwork is — in mary cases- impossible
without usingtime-intensive learningalgorithms .Currentlythereareonly afew

approachefor equippingNeuralNetworkswith “instincts” (see[S0O07]); these
would be akind of basicknowvledgethathelpthe NeuralNetworksin the early
stagesof theirlearning.

Currently almostall of the recently usedlearning algorithms(including the
Backpropagtionlearningrule) areslow in spiteof mary optimizations.

Dueto thesereasonsiNeuralNetworksshouldnotbeusedfor applicationsvheregood
deterministicsolutionsalreadyexist. However, therearemary applicationdomainsin
which eitherno deterministicsolutionis currentlyknown (or in whichno suchsolution
is possibledueto someintrinsic properties)or in which the deterministicsolutionis
notfeasible(e.g.dueto runningtime).

Thereareafew motivationsfor theoreticaresearcton NeuralNetworks. An obvious
oneisto achieveadeepeunderstandingf thebehaior of biologicalsystemdby trying
to reproducesomeeffectsin simulations Anothermotivationis that ANNs canlearn
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from given input and outputvalues,thereforeenablingthe systemto calculatefunc-
tions for which no mathematicatepresentatioms known. A lessobvious motivation
for researcton NeuralNetworks, mainly from computerscienceandcompleity the-
ory, liesin thefactthatthey aremassvely parallelsystemghatcanbe seenasparallel
algorithms But oneof themaingoalsandpossiblythedriving forcefor mary research
projectsmight still be the vision of anintelligentmachine;NeuralNetworks seemto
betheformal modelthatcouldsupposedlypeableto reproducehe“intelligence”and
“consciousnessdf ahumanbrain, howvever we chooseo de ne theseterms.
Dependingpnthemotivationfor looking at NeuralNetworks, differentfeatureswill be
signi cant. If the systemis to be usedasa simulatorfor studyingeffectsin biological
systemsit will be essentiathatthearti cial neuronsactlike their biologicalcounter
partsascloselyaspossibleln contrastjf humanpsychologyor compleity theoryis
themainpointof view, thenthe propertiesof singleneurongnightnotbeasimportant
asthe numberof neuronsin the systemandthe connectionstructure(the topology)
of the network. However, within this diplomathesis the focusis not researcton bio-
logical NeuralNetworks. Instead the focusis on shaving thatthe next generatiorof
ANNSs, the SpikingNeuralNetworks(SNNs)canoffer advantagegor almostall points
of view, makingtheman effective successoof ANNs in currentapplications.

2.1.1 History

The history of (arti cial) Neural Networks is almostaslong as the history of pro-
grammablecomputersbuilt of transistorsThe rst papersdealingwith ANNs were
written over 50 yearsago,forming a basethatis still usedin currentresearch.

This shortsummaryof thedevelopmenif ANNSs is asummaryof therespectre chap-
terin [Zel94], extendedby the historyof SNNs.

Early beginnings(1942— 1955): As early as1943the essay‘A logical calcu-
lus of the ideasimmanentin nenousactvity” waswritten by WarrenMcCul-
loch and Walter Pitts, describinga rst form of NeuralNetworks basedon the
“McCulloch-Pitts” neuron.It also shaved that even simple classesf Neural
Networks arein principle ableto calculatearbitraryarithmeticor logical func-
tions. Although no practicalapplicationwasgivenin this documentjt hadan
in uence on other laterfamousresearcherscludingNorbertWienerandJohn
von NeumannPittsandMcCullochwroteanotherarticlenamed'How we know
universals”in 1947,in which they discussedhe problemof recognizingspatial
patterngnvariantof their position.

In 1949 Donald O. Hebb describedthe classicalHebbianlearningrule in his
book“The Organizationof Behaviour”. It represents simpleconceptof learn-
ing for individual neurons.Hebb also usedthis rule for arguing resultsfrom
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psychologicakxperimentsin its universalform, this learningrule is the basis
for almostall known learningmethodsn the context of NeuralNetworks. Also
the conceptof cell assembliesyhich arelaterally connectedmutually exciting
subset®f neuronstracesbackto Hebhb

Karl Lashley, a neuro-plysiologist,statedin 1950in his work “In searchof the
engram”the thesisthatinformationin the brain mustbe storedin a distributed
representationHe cameto this conclusionby conductingexperimentson rats.
In theseexperimentsonly the extentandnot the positionof the destructionof
neuralcellsdeterminedheability to runthroughalabyrinth.Althoughtodaythe
ideaof afully distributedinformationstoragehasbeendiscardecandwe know
thatthe brain featuresfunctionally distinguishableareashis work hada lot of
in uence onthefollowing research.

Firstsuccessefl955—1969):The rst successfuheuro-computetMark | Per
ceptron”wasbuilt in theyears1957-195&y FrankRosenblattCharleswight-
man and emplg/eesat the MIT. It was usedfor patternrecognitionproblems
andwas able to recognizesimple numberswith a 20*20 pixel optical sensar
Although Marvin Minsky had alreadydevelopeda neuro-computewith auto-
matically adjustingweightsin 1951 (“Snark”, which he usedin his PhD thesis
in 1954),“Mark | Perceptron’had512motordrivenpotentiometersor hisvari-
ableweights.BesideghistechnicalachiezementFrankRosenblatbecamegen-
erally known for his book“Principlesof Neurodynamics”which waspublished
in 1959.In this bookhedescribegslifferentvariationsof the perceptrorandalso
shavs a proof that a perceptroncan learn every function that can be possibly
representedvith the network by applyinghis learningmethod.
In 1958,0liver Selfridgepresentedh hiswork “Pandemoniumdynamic,inter
active mechanisméor solvingthe practicalproblemof Morse-Coddranslation
usingmodelsof humaninformationtransmissiorandthe hill climbinglearning
method.
Karl Steinbruchshavedin 1961in hiswork “Die Lernmatrix” simpletechnical
realizationof associatie memory thepredecessasf today's neuralassociatie
memory They were constructedas technicalrealizationsof Pawlow's condi-
tional re exes.Besidesa binary modeltherewas alsoa modelfor continuous
inputandlearningmethod<sor bothmodels.
BernardWidrow formed sometime after 1960the Memistor Corporation the
rst neuro-computingcomparny. This company producedmemistorselements
lik e transistorsout for realizingthe adjustableveightsof an ANN.
In the periodbetweenl955and1969,researcherthoughtthatthe basicprinci-
plesof self-learning,intelligent” systemshave beendiscovered.This overesti-
mation,particularlyin themedia,led to thefollowing intermissionin popularity
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assoonasthelimits of theusedmodelsandlearningmethodsecameclear

The silent years (1969 — 1982): In 1969 Marvin Minsky and Seymour Pa-
pert conducteda detailedmathematicabnalysisof the perceptrorandshaved
that this modelis unableto representmary importantproblemsat all. Usinga
few very simple problemslike the XOR-problem,the parity-problemand the
connectvity-problemthey wereableto shav thatthe pristineperceptroraswell
asdifferentvariantsareinherentlyunableto solve theseandrelatedproblems.
They alsoconcludedhatevenmorepowerful modelsthanthe perceptrorwould
have the sameproblemsandthat NeuralNetworkswould be a dead-endFortu-
nately this conclusionis not correctaccordingto today's point of view. But at
atime of stagnatiorin the eld of NeuralNetworks, this statementausedhat
researchera’ho wereworking on NeuralNetworksdid notreceve ary funding
for thenext 15years.

Although therewere no real breakthroughsluring this time, somefamousre-
searchersvereableto build up alot of thetheoreticafoundationghatArti cial
NeuralNetworksarebasedn today

E.g. Teuwo Kohonenintroducedin 1972in his work “Correlationmatrix mem-
ories” a model of a linear associatoa specialassociatie memory)that uses
linear activation functionsand continuousvaluesfor weights,activation values
andoutputs.

In 1974 Paul Werbosdevelopedthe backpropagtion learningmethodin this
PhDthesis(which wasusedabout10 yearslaterdueto work by Rumelhartand
McClelland).

StepherGrossbay publisheda numberof papersincludingawork ontheprob-
lem of letting a NeuralNetwork learnnew patternswithout destrgying already
learnedones.He wasoneof the rst to usesigmoidalactivation functionsand
nonlinearlateralinhibition. His modelsof Adaptve Resonanc&heory (ART)
arebestknown.

JohnHop eld, awell-known physicist, wrote his article “Neural Networks and
physical systemswith emegent collectve computationalabilities” in 1982,
describingbinary Hop eld-networks as the neuralequivalentto Ising-models
in physics. Two yearslater he enhancechis model to continuousHop eld-
networks.

Teuvo Kohonengot known especiallyfor his self-oiganizing maps (SOMs),
which he describedin this article “Self-organizedformation of topologically
correctfeaturemaps”in 1982.

Renaissancél985- today): In the early eightiesthe eld of NeuralNetworks
wasrevived. It is often cited that JohnHop eld hada majorin uence on the
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revival with hisarticle“Neural Computatiorof Decisionsn OptimizationProb-
lems”in 1985,in which he shaved how Hop eld-networks cansolwe the trav-
eling salesmarmproblem.He alsopersonallycorvincedmary researchersf the
importanceof this researchopic.

Another maybestrongerin uence was causedby the developmentand wide
publicationof thebackpropagtionlearningmethodin 1986by RumelhartHin-
ton andWilliams in “LearninginternalrepresentationBy error propagtion” in
thebook“ParallelDistributedProcessingpublishedoy RumelharandMcClel-
land. Themethodwasalsodescribedn thearticle “Learningrepresentationisy
back-propagtingerrors”in Naturein thesameyear Thebackpropagtionlearn-
ing methodis — comparedo older methods- very fastandrobust for learning
patternan multi-layer feed-forward networks. Anotheradwantages thatit can
bedescribedn a mathematicallyelegantway asa gradientdescenmethod.

In 1986 TerrenceSejnavski and CharlesRosenbeay shaved with “Nettalk: a
parallelnetwork thatlearnsto readaloud” an impressve applicationthatused
afeed-forvardnetwork trainedwith backpropagtionto learnthe pronunciation
of written singlewordsin English. The network learnedthe pronunciationby
itself andthe whole projectreacheda performancdevel almostasgoodasthe
knowledge-basedECtalk-systen(in which mary man-yearsf development
wereinvested)afteronly afew weeksof work.

Since 1986, the eld of Neural Networks has beendeveloping explosively:
the numberof researchersvorking on this topic is currently a few thousand,
thereare mary scienti ¢ publicationjournalswith Neural Networks as their
main topic, large recognizedscienti c communitieslike INNS (International
NeuralNetwork Society),ENNS (EuropearNeural Network Society),a large
IEEE groupandgroupsof nationalcomputersciencecommunitiedik e the Gl
(Gesellschaftir Informatik).

Sincel986,thenumberof importantresearchergrew toolargeto belistedhere.
Therearemary goodbookscoveringthe historysince1986in full detail.

The next generation(1995— today): Although ANNs have beenappliedvery
successfullyto arbitrarykinds of static patternrecognition their applicationin
theprocessingr recognitionof dynamic,non-stationarypatternsvasvery dif -
cultandunsohedin mary applicationdomainsTo allow thegenerabdwantages
of NeuralNetworksto beappliedto embeddedystems- wherethetemporalas-
pectof signalsandtheresponsef the systemto externaleventsarein the main
point of view — the needof anew modelarose.

To the bestof theauthorsknowledge,modelsof NeuralNetworksthatarecom-
parableto the model of Spiking Neural Networks rst appearedn 1995, al-
thoughsomeapproachesvere madea bit earlier (e.g. [GvH94, [[A93, Wai94
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HT81).

It wasagain JohnHop eld who madeanimportantstepin thetopic of integrat-
ing the temporalaspectof biological systemsnto Arti cial Neural Networks
[Hop9%. But nearlyat the sametime, WolfgangMaasspublishedhis modelof

SNNs[Maa9% Maa9d, which is alsousedin this diplomathesis.The author
wasunableto reconstructhe exact seriesof paperghatled to theintroduction
of Spiking NeuralNetworks, but sincethattime it hasbeenan active andfruit-

ful researchopic (e.g.[GML99, Gel8% Gel9) Rufod Maa99h RWdRvSB9Y

Maa99h Maa97h RS9% Maa97f andmary more).
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2.2 Spiking Neural Networks

Spiking Neural Networks (SNNs) are consideredas the third generatiorof arti cial
neuralnetworks andtry to modelthe biological behaior more closelythanthe last
generationAlthoughthecurrentlyusedArti cial NeuralNetworks(ANNs)whichuse
the ring rateof neuronsastheircomputationaklementhave provento bevery power-
ful for speci c kindsof problemssomemajorpropertieof biologicalneuralnetworks
areignored.Throughempiricalevidencefrom biological experimentdTFM9q] it be-
cameclearthatsomeeffectsandcomputation®f the humanbrain[CBGOJ] cannotbe
carriedout by justusingthe ring rateof therespectre neuronsasinformationtrans-
mitter — additionally the exacttiming of singlespikeshasto carryatleastsomeof the
transmittednformation.

In thefollowing subsectionsanintroductioninto theresearchopic of SpikingNeural
Networkswill begiven.Thisintroductionwill startwith a motivationfor themodelof
SNNs,followedby a shortexplanationof biologicalneuronsAfter that,afew models
of biologicalneuronswill besummarizedo lay thegroundsfor thedetailedde nition
of theformal modelof SNNsthatwill be usedasthe basisfor this diplomathesis.

2.2.1 Motivation

ANNSs arecurrentlyusedvery successfullyn someassortedetsof applicationssothe
guestiorarisesvhy thereis aneedfor SNNs? Thereseemdo bealimit onwhatANNs
areableto do andalthoughmary possibleextensionsof ANNs have beendeveloped,
they do not seemto comecloseto whatthe humanbraincando. Oneof the problems
that ANNs cannotreally solve is the simulationof the oscillationandsynchronization
effectsin the humanbrain. Although simulatingtheseeffectson itself might not gain
computationapower, recentwork suggestshatoscillationandsynchronizationmight
beof highimportanceor partsof thevision systemHen03.
As alreadystatedin theintroduction,Arti cial NeuralNetworkstypically encodethe
ring rateof biological neuronsasrealnumberedralueswhich areusedasinput and
outputvaluesof the neuronsZel94]. However, thereis growing empirical evidence
[TEM94] for theimportanceof thetiming of singlespikes.It hasbeenshavn thatthe
humanbraincanproceswisualpatternsn 150msecwhereaboutlO processindevels
(neuronlayers)areinvolved andneuronsn theseregionsof the humanbrain usually
have a ring rateof lessthen100Hz. Therefore sinceusinga ring ratecodewould
involve averagingoverthe ring timesof atleast? recevedspikes,theprocessingime
availableto eachlayeris notsufcient for estimatinghe ring rate—andthereforethe
outputvalues— of neuronsAs aresultof theseobsenationsit canbe aguedthatthe
computatiorhasto be carriedout usingonly theinformationtransmittedwith the rst
spike thatis red by eachlayer.
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In principle,therearejust threedifferentpossibilitiescurrentlyknown in neuroplysi-
ology for encodingnformationin suchspike trains[Ruf9q]:

ratecoding: The essentialnformationof the spike train is encodedn the ring
rates,which aredeterminedy averagingover sometime window.

temporalcoding: Thetiming of singlespikes,i.e. the exact ring time, carries
theencodednformation.

populationcoding: Theinformationis encodedyy the actwvity of differentpop-
ulationsof neuronsj.e. the percentagef neuronsconcurrentlyactive in a pop-
ulation.

As mentionedabove, ANNSs aretypically limited to usinga simulationof ratecoding
by passingeal numberedvaluesbetweenthe neuronsHowever, this is not powerful
enoughto solve someof the problemsthat biological neuralnetworks solve easily
[Maa97H. It is currentlynot clearif this is the main reasonwhy ANNs seemto be
unablefor solving somespecialproblems[CBGO]], but SNNsoffer more e xibility
while alsoallowing straight-forvard solutionsof simplerproblems.

In the context of fastinformation processingtemporalcodingseemdo be the most
importantcodingschemeThereforethis diplomathesismainly focusenthis coding
schemejut all of the developedprinciplesandtechniquesanbe applieddirectly to
arbitrary coding schemes only the network inputs and outputshave to be adapted
(seesectionB.9), theinnernetwork structurecanremainunchanged-However, for the
simulationsdescribedn sectiond.2 andp.3 ratecodingwasused which provesthat
the developedmethodsaswell asthe currentimplementatiorare indeedcompletely
independentf thecodingscheme.

Anotheradvantageof SNNsover ANNSs is thatthey cansolve someof the problems
that ANNs are currently usedfor with lessor simpler neurons.One exampleis the
simulationof RBF (RadialBasisFunctions)etworks: whenan RBF network is to be
built asan ANN, the neuronshave to usespecialactivation functionsto achieve the
RBF effect. Therefore,an RBF network cannotbe built of the sameneuronshatare
usedin aback-propagtionnetwork. With SNNs,this behaior caneasilybeachieved
[Maa994. Moreover, SNNsasde nedin thisdiplomathesisalreadycontainadditional
parameterghat can be usedas the centerof RBF neuronsin a very intuitive way.

Theseparameterare the synapticdelays,which will be describedn moredetail in

sectiorid.2

Another moretheoreticalexamplefor a problemthatcanbe solved moreeasilywith

SNNsis coincidencadetection.Coincidencedetectionmeansthe detectionof events
thatoccuratthesameime or in ashorttime window. Whenusingtemporalkoding,the
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equialentfor ANNs would be equalitydetectionj.e. detectingf two or moreinputs
have the sameor nearlythe samevalue.With ANNS, solvingthis problemfor n inputs
needsat Ieast%‘ neuronsg|Maa97H, while with SNNsthis canbe achieved with a
singleneuronfor an arbitrarynumberof inputs. Although this might not be relevant
for practicalapplicationsjt shavs that SNNscanalsooffer advantagedor problems
thatarealreadysolvablewith ANNSs.

However, it remaingo beshavn thattheadditionalcompleity of SNNs—whichleads
to morecomple simulationalgorithms— doesnot causemoreoverheadhanwhatis

gainedin termsof new e xibility. The ultimate goal shouldalwaysbe to utilize the
available processingpower mostef ciently whensolving a given problem,so SNNs
have to competeagainstANNS in variousproblemareasFor SNNsto be adaptedor

practicalapplicationsthey will needto be ableto solve new problemsandto solve

currentlyknown problemsmore ef ciently, with additional e xibility or with higher
solutionquality thenANNSs — at leastfor someapplicationdomains.

2.2.2 Biological Neurons

Beforesomeonas aboutto conductresearcton Arti cial NeuralNetworks, it is al-
ways advisableto look at the biological model,i.e. neuronsand neuronalstructures
of animalsandhumansHowever, wheninspectingthosecomplex models,it quickly
becomeglearthatthey do not have very muchin commonwith currentANNS; there
is simply too much abstractedThe following part of this subsectioris summarized
from therespectie chaptersn [£el94] and[Ruf9§).

Nenwuscells,thebasicpartsof the brain,aredifferentfrom othercellsmostlyin their
shape their type of cell membraneandtheir propertyto form bulges(Synapsésat
theirendsto connecto othernenouscells. Furthermorethey arenormallynotableto
reproducdghemselesby cell division anymoreafterthe embryonicphase.

In Fig. 2.1 atypical neuronis shawvn schematicallyincludingits cell body (somg, its
inputs(dendrite$ andits output(axon). Neuronsareconnectedo eachotherthrough
synapsesEssentiallythey operateon an electro-chemicabasis,wherethe interior of
aneuronis separatedrom the surroundingoy a membanethatcontainson channels
which are highly speci c to their respectre sort of ions; one distinguishesbetween
Na*, K*, C&* andCl channelsThe potentialdifferenceacrossthe membrands
calledthemembanepotential.lt is normallyin anequilibriumstatedueto thedifferent
concentrationsf theionsin theinterior andtheoutside which causeanosmoticpres-
sure,andthe chagedisplacemenbpposinghis concentratiorgradient Whenthereis
no input to the neuron,the membraneotentialwill reachthe so-calledrestingmem-
branepotentialE;e¢ Whichis usuallybetween 40and 90mV dependingnthetype
of theneuron.lon channelscaneitherbe active or passie; passve ion channeldhave
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Figure2.1: Schematicziew of anenwouscell (from [Ruf98], after[Arb89)).

| | Value
Averageoutputconnectvity ca.1000to 10000
(numberof connectiongo subsequermneurons)
Lengthof anaxon few mmtoca.1m
Thicknessf anaxon 0.3to 1.3um
Width of the synapticgap ca.20nm
Numberof neurotransmitters a synapticvesicle| ca.1000to 10000
Durationof anenousimpulse(spike) ca.1lms
Thicknessof the neuroncell membrane ca.5nm
Restingmembrangotential -70mV
Amplitude of a nenousimpulse(Spike) ca.100mVv
Electrical eld of themembranen equilibrium ca.12000V/mm
Transmissiorspeedn anaxon ca.120m/s
Speedf diffusionof neurotransmitters ca.2 mm/min
Transmissiortime of asynapse ca.0.6ms
Membranecapacitance ca.1pF/cn?

Table2.1: Somenumbersaboutneurongfrom [Zel94)).

a constantonductancethe conductancef actve onescanvary dependingn certain
factors.Whenthe membraneotentialreachessomethresholdwhich is normally at

about 30mV, a pulseis generatedhat propagitesalongthe axon(a spike). After a

spike hasbeengeneratedtheneuronhas r ed), it entersarefractoryperiodconsisting
of two parts:the absoluterefractory period in which no spike canbe generatedthe
thresholds in nitely high)andtherelativerefractoryperiodin whichthethresholds

higher Table2.1shavs afew selectechumbersaboutbiologicalneurons.
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Figure2.2: Differenttypesof multi-polarneuroncells (from [KSJ91])).

It is commonlyassumedhat humanshave about100 billions (10*Y) of neuroncells.
Although all of themaredifferentin their shapethey canbe classi ed accordingto
their structureandregionin thebrain.Unipolar cellshave, besidesheir somaandtheir
nucleus only one appendagethe axon.Bipolar cells additionally have one dendrite
andmulti-polar cells have oneaxonandmary dendriteqseeFig. 2.2). Dendritesare
thin, tube-like andmostlyrami ed appendagesf neuroncellswhich actastheinputs
of thecell. Forwardingtheelectricalimpulseqspikes)is donevia the—normallymuch
longer—axon.Theaxondiffersfrom thedendritesn its structureandthe propertieof
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-lulbs, the synapsesareformed.
Usuallyhumanneuroncellshave about1000to 10.0000f suchsynapse$o connecto
subsequemnmeuronshut somecells suchasthe Purkinje cellscanhave up to 150.000
synapsesMost of the neurongeceve input from about2000to 10.0000therneurons.
A spike thatis propa@gtedalongtheaxon nally branchego the synapsesyhichcon-
vertsthis pre-synapticspike to a post-synapti@otential (PSP, in uencing the mem-
branepotentialof the post-synapticmeuion. Sucha post-synaptigotentialcaneither
increaséhe membrangotential,makingthe ring of theneuronmorelikely —thisis
calledanexcitatorypost-synaptipotential(EPSH causedy anexcitatorysynapseor
decreasd, makingthe ring lesslikely —thisis calledaninhibitory post-synapti@o-
tential (IPSP) causedy aninhibitory synapséseefig. 2.3for examplesof PSPs)The
strengthof thosePSPsdependsn the strengthof the synapsewhich may vary over
time. As thesynapsemaybeplacedeitheronthedendritictreeor directly atthesoma,
PSPscaninteractin time andspace Althoughin biologicalneuronghereareseveral
othernon-lineareffectsinvolvedin the PSPan uencing the membrangootential(for
detailsreferto [Ruf98, chapter2] and[Zel94, chapter?2]), it is usuallyabstractedo the
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PSPsummingup linearlyin thesoma.This abstractions the so-calledntegrate-and-
r e neuon (IFN) modelor an extensionthereof,the leaky integrate and r e neuon
model(LIFN, alsoreferto subsectior?2.2.3.

It is very importantto notethat the action potential(spike) is equalfor all neurons,
thereareno signi cant differencesn theamplitudeor shapeThereforea singlespike
cannottransmitary otherinformationthanthe spacgof theaxon)andthetime (of the
ring). In [Zel94, page42] andmary otherscienti ¢ papersandbooks,it is claimed
thatthe informationaboutthe strengthof the outputsignalis codedin the frequeng
anddurationof thespikes.However, it is questionablevhetherthisis indeedtrue. This
diplomathesisfollows the algumentatiorof variousotherauthorsand proposeghat
the exacttiming of single spikesalso carriesimportantinformation (refer to subsec-
tion 2.2.7).

Thereexistsstrongevidencethatthebasisfor learningis formedby synapticplasticity,
I.e. the possibility thatthe strengthsof synapsesary over time. DonaldO. Hebbwas
the rst oneto addresghe questionon how synapticweightscanbe modi ed to store
information. He postulatedthe nowvadayscalled “Hebbiari learningin 1949in the
following way [Heb49:

Whenanaxonof cell A is nearenougho exciteacell B andrepeatedly
or persistentlytakespartin ring it, somegrowth processor metabolic
changegake placein oneor bothcellssuchthatA's ef ciency asone of
thecells ring B, isincreased.

Therefore,similar activation patternsin the pre-synapticand post-synapticneuron
strengthera synapsewhich canbe formally written asthe Hebbrule for the modi-
cation of aweightwag for a synapsdrom neuronA to neuronB:

Dwag= h Va Vg

whereh > 0 is thelearningrateandVa andVg denotethe respectie actwvities of the
neuronsA andB. For Hebbianlearning,all informationhasto be locally availableat
thesynapsethereforgheinformationfrom boththepre-synapti@andthepost-synaptic
neuronsneedsto be known. At the momentthereexist differentformulationsof the
Hebbrule, dependingon thetype of interaction For details,referto [Ruf9og].

In the following section,a few mathematicamodelsdescribingthe biological model
in variouslevels of abstractiorarelisted anda shortintroductioninto the biologically
realisticHodgkin-Huxley modelis given.

2.2.3 Mathematical Model for Biological Neurons

Currentlytherearevariousmathematicaimodelswhich canbe usedfor modelingand
simulatingSpiking NeuralNetworks. Thesemodelsrangefrom the biologically very
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Figure 2.3: Post synaptic potentials and action potential, picture taken from
http://lwww.cis.tugraz.at/igi/tnatschl/online/3rd_gen_ger/nodel.html

realisticHodgkin-Huxley [HH52] and compartmentaimodels,which usedifferential
equationgo modeltheelectricalpropertieof neuronsria theintegrate-and- remodel
[Ger95 Tuc8§ respectiely the leaky integrate-and- remodelto the rathersimple
spike-and-responsmodel [Ger98 GvH94 — all of themare using spike timings as
theirprimarycodefor computationUsuallythey aresimulateccontinuouslywith x ed
time-stepdecaus®f therepresentationf somemathematicalunctionsin themodel,
especiallythe function modelingthe post synapticpotentialgeneratedy synapses.
The post-synaptigotentialsare the changesnducedto the neuronpotentialof their
subsequemneuron(the post-synapticmeuron);they aregeneratedy synapsesvhen-
ever they receve a spike (from the pre-synapticmeuron).Fig. 2.3 shavs the shapeof
a spike (action potential)and an excitatory and an inhibitory postsynapticpotential
(EPSPRIPSP).

The Hodgkin-Huxley model— or an extensionthereof,the compartmentamodel— is

usedby somecurrentsimulationtools, suchasthe widely usedGENESISsimulator
[BB94]. Thefollowing descriptionof thesemodelsis a summaryof [Ruf98, chapters
2.2.1and9.1].

In 1952,HodgkinandHuxley conductedesearcton the squidgiantaxonanddevel-

opedtheir Hodgkin-Huxley modeldescribingthe initiation andpropagtion of action

potentials.In theseaxons,the membranepotentialVy, is dependenbn the the pas-
sive ion channels(resultingin a leak conductancey,) and actve K* and Na" ion

channelgwith voltage-dependerdonductancegk andgna). The reversalpotentials
resultingfrom theion concentratiordifferencesareE; =  54;3mV, Ena = 50mV and
Ex = 77mV, therestingmembrangotentialis aboutE;eg = 65mMV. TheHodgkin-

Huxley modelcanbe speci ed asan equivalentelectricalcircuit describingthe time

dependenciesf the active ion channelsandthe in uence of the conductancesn the

membrangotentialVy,. In Fig. 2.4 this equivalentcircuit is shavn; it canbeformally

describedy
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Figure2.4: Electricalcircuit describinghe membrangotential(after[Ruf98)).

dv,

cd—tm = g(E Vm)+0Ona(Ena Vi) + Ok(Exk Vi)

whereC is the membranecapacitanceTheionic currentsaredescribecdby theterms
g(Ei Vm) whereasthe conductancey, is constantand gna and gk are voltage-
dependent:

ONa Gna m®> h

g = Gk n

whereGna andGg areconstantgor themaximumconductanced hepropertythation
channelganbeblockedis modeledby thetime- andvoltage-dependerstatevariables
m;n;h 2 [0; 1]. A typical actionpotentialasgeneratedy theseequationgs shavn in
Fig. 2.5, parallelto thechange®f m, nandh. For details referto [Ruf98] and[HH52].

This model of the time-dependentunctioning of the squid giant axon hasbeenex-
tendedto allow thedivision of neurongnto a nite numberof interconnected@dompo-
nents,so-calledcompartmentsAlthoughanaxoncanalsobe modeledusingmultiple
compartmentst is normallynotneededBut comple dendritictreesof someneurons
(suchasa GENESISmodelof a Purkinjecell consistingof 4550compartmentsgan
be simulatedbiologically very realisticallyusingthe extendedmodel. The equivalent
circuit of acompartmenasshavn in Fig. 2.6 canbe expressedy

0

dVm _ Em Vm
d Ry

00

o VASEVASER VAV

+a((Bx Vm) o)+ 0 + + linjea
1 m Roa R, inje
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Figure 2.5: The trajectoriesof V,, andthe statevariablesduring the generatiorof an
actionpotential(from [Rufo8g]).

Figure2.6: Electricalcircuit for abasiccompartmentafter[Ruf98]).

For detailsthereaderis again referredto [Ruf9g].

As the previous descriptionmight already suggest this biologically very realistic
model is too comple for solving problemsof mainly computationalnatureor for

theoreticalconsideration®n the computationalpower of differentnetwork models.
Therefore,in the next chaptera simpler more abstractmodel of SNNsis described
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2.2.4 Mathematical Model for Spiking Neurons

In thisdiplomathesisthefollowing de nition of spikingneuralnetworks,directly cited
from [Maa99, is usedasthebasisfor constructiora modelof SNNsthatis optimized
for fastsimulation:
An SNNconsistf:

a nite directedgraphhv; Ei (wereferto theelement®fV as“neurons” andto
theelement®f E as“synapses”)

asubsetvi, V ofinputneuons
asubsetyy V of outputneuions
for eadhneuonv2V Vi, athresholdfunctionQ,: R ! RJ[ f¥g

for each synapsehu;vi2 E a responsdunctione,, : R* | R and a weight
Wu;\/ 2 R+

We assumehat the ring of input neuonsv 2 Vj, is determinedrom outsideof the
SNN,i.e. thesetsk, R* of ring times(“spike trains”) for the neuonsv 2 Vi, are
givenastheinputof the SNN.

For aneuonv2V Vi, onede nesits setk, of ring timesrecursively The r st
elementof F, is infft 2 R* : R(t) Qy(0)g, andfor anys?2 F, the next larger el-
ementof F, isinfft 2 R* : t> sandP,(t) Qu(t 9)g; wheee the potentialfunction
P,: R" ! Risde nedby

Ru(t) == é. é, Wyy euv(t  9)
u2Vv s2 K
huvi2E s<t

The ring times(“spike trains”) F, of the outputneuonsyv 2 Vo that resultin this
wayare interpretedasthe outputof the SNN.

Thecompleity of a computationn an SNNis evaluatedby countingead spike asa
computatiorstep.

This modelrepresents rathergeneralde nition of SNNsandis relatedto biological
neuronsasfollows: theshapeof apostsynapticpotential(PSP)causedy anincoming
spike from neuronu is describedoy the responsdunction e, whereeg,.(t) = 0 for
t 2 [0; dy.v] with dy.y modelingthedelaybetweerthe generatiorof theactionpotential
andthetime whentheresultingPSPstartsto in uence the potentialof neuronv.
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Currentlythe ways of simulatingsuchSNNsdiffer heavily from the way ANNs are
usedin today's applications.This is causedby the immanentcomplex behaior of
spikingneuronscomparedo therelatvely simplebehaior of sigmoidalneuronsused
in ANNSs. Sigmoidalneuronsusuallyonly sumup theanaloginput valuesthey receve
and utilize a sigmoid function to computetheir output value from this sum, while
spiking neurongry to modelthe behaior andpartly the structureof biological neu-
ronsmoreclosely Thereforespikingneuronsareoftensimulatedusingthebiologically
veryrealisticHodgkin-Huxley model,which usedifferentialequationgo describehe
shapeof neuronpotentialsandgeneratedpikes(seesubsectior?2.2.3. Thesedifferen-
tial equationsmposethe useof continuoussimulationtechniqueswherethevaluesof
mathematicafunctionsare computedat simulationtimeswith x ed or variabletime
steps.However, with this simulationtechniquethe inner statesof neuronswhich are
inactive at somesimulationtime alsoneedto be computedresultingin badscalability
of the simulationin termsof large networks with mary neuronsA bettersimulation
technique- concerningscalability— is the so-calleddiscreteevent simulationwhere
computationis only necessaryor simulationelementghat changetheir stateat the
currentsimulationtime. In large networkswhereonly asmallpercentagef neuronss
active atary giventime, discreteeventsimulationis expectedo besigni cantly faster

2.3 DiscreteEvent Simulation

Variouspartsof this chapterhave beentaken from the respectre partsin the FWF
projectproposal'DEVS Simulationof Spiking NeuralNetworks”, to which Herbert
Prahofethaskindly contritutedmary correctionsandadditions.The modelitself, the
extensionsandthe descriptionthereofhave beensummarizedrom [ZPKOQ].
Discreteevent simulation[ZPK00, BCNO1, Ban9§ is a techniquefor modelingand
simulatingsystemsvherethe systembehaior is abstractedo discreteevents.In con-
trastto continuoussimulation,whereall systemstatesarecomputedor the simulation
time points (eitherwith x ed or with variabletime steps),discreteevent simulation
calculateghe simulationtime pointswhenthe systemstateseachspeci ¢ values.
Discreteeventsimulationis awidely usedtechniquan suchdiverseapplicationareas
asperformancevaluationof manugcturing,transportcommunicationandcomputer
systemsyeri cation of VLSI systemsandothers.The greatbene t of discreteevent
simulationcomparedo continuoussimulationor time discretesimulation[ZPKOQ] is
thatthebehaior of the systemss reducedo essentiabvents.Simulationjumpsfrom
oneeventtime to the next eventtime. Betweeneventtimes, no simulationhasto be
done.Moreover, systempartswhich arein a quiet phasej.e, partswhereno events
occurat thetime, do not have to be simulatedat all. The simulationcanbe restricted
to theactive areasof thesystem.
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In this way, discreteevent simulation has shavn to have greatbene ts compared
to continuoussimulation.For example,discreteevent simulationallows to simulate
large VLSI systemsat the gate level for which no continuoussimulationis feasi-
ble. In [Mo096€] the ideaof discreteevent simulationhasbeenadoptedfor simulat-
ing ecosystemsan applicationareawhich is usuallymodeledwith partial differential
equationsandsimulatedwith computationallydemandingnite differenceor nite el-
ementmethods Researchasshawvn thatthe discreteevent simulationtechniqueled
to simulationperformancemprovementswith afactorof 100andmore.It allowedto
simulatemodelsof a sizewhich never hadbeentackledbefore[ZY96, ZD97].
Spiking neuralnetworks shav similar characteristicasthe applicationareasabove.
As shawn in the next section,SNNscanbe modeledusingthe DEVS discreteevent
systemformalism[ZPKO0Q]. Spikescannaturallybe modeledwith eventsignals.The
usualactivity patternsobsenedin SNNs,wherespikesspreadn a restrictedareaof
thewhole network, shouldleadto dramaticperformancemprovements.

Thefollowing classicDEVS systemspeci cationis directly cited from [ZPKO0(Q], but
hasbeenslightly adaptedo matchthe modelextensiondetter:
A discretesventsystemspeci cation(DEVYS) is a structue

M = hX;Y; S dint; dex; | ;tai
wheee

X isthesetof inputvalues

Y is the setof outputvalues

Sis a setof states

dint : S! Sistheinternaltransitionfunction

dei : Q X! Sistheexternaltransitionfunction,wheie
- Q=1(se)js2S0 e ta(ggisthetotalstateset
— eisthetime elapsedsincelasttransition

| - S!' Y istheoutputfunction

ta: S! R{y isthetimeadvancefunction

Theinterpretationof theseelementss illustratedin Fig. 2.7. At anytimethe systemis
in somestate s. If noexternaleventoccurs, thesystenwill stayin statesfor timeta(s).
Noticethatta(s) couldbea realnumberasonewouldexpect.Butit canalsotake on



CHAPTER 2. THEORETICAL FOUNDATIONS FOR SPIKING NEURAL
24 NETWORKS

Figure2.7: Overview over the partsof the DEVS model(form [ZPKO0Q)).

the valuesO and ¥. In the r st case the stayin states is so short that no external
eventscanintervene- wesaythatsis a transitorystate In thesecondcase thesystem
will stayin s forever unlessan external eventinterruptsits slumberWe saythat s is
a passve statein this case Whentherestingtime expires,i.e., whenthe elapsedime,
e = ta(s), the systenmoutputsthe value | (s), and changesto statedi:(s). Notethat
outputis only possiblgust befor internal transitions.

If an externaleventx 2 X occurs befoe this expiration time, i.e., whenthe systemis
in total state(s;e) with e ta(s), the systenchangsto statedeq(S; € X). Thus,the
internal transition function dictatesthe systenms new statewhenno eventoccurred
sincethe last transition. The external transition function dictatesthe systenms new
statewhenan external event occurs — this stateis determinedby the input, x, the
current state s, and how long the systemhasbeenin this state e. In both casesthe
systenis thenin somenew states with somenew restingtime, ta(s); and the same
storycontinues.

Following theabove de nition, thementionedeapingfrom onesimulationtime to the
next canbe explainedeasily An externalevent, suchasa spike beingreceved from
theoutsideof the network, triggersaninternalstatechangevhich advanceshesystem
from onediscretestateto anotherone. The samehappendor internalevents,suchas
spikesthatare red by a neuroninsidethe network. Thereforeit is never necessaryo
simulatethe trajectoriesof systemstatesbetweendiscreteevents.Insteadthe power
of thesimulationsystemliesin theimplementatiorof thefunctionsdint(S), dext (S; € X)
andta(s) whichdependeavily onthechoserstatevaluess2 S. Furthermorethesys-
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temwill only produceoutputson statechangeginternalor external)usingthe output
functionl (s).

Thereareafew extensiondo this classicDEVS modelwith the paralleDEVS model
beingthemostadwancedZPKO00Q]. However, for thisdiplomathesistheparalleIDEVS

modelis not asimportantbecausehe developedsimulationframenork is currently
targetedtowards sequentiakingle-processomachines However, a shortdiscussion
aboutfuture enhancementasing parallel simulationis given in section6.3. In the

following, two simplerextensionareshortly summarizedvhich areof importancefor

the objectorientedimplementatiorof the simulationframework.

The rst extensionis theclassicDEVSwith portsmodelwhich differsfrom theclassic
modelonly in thede nitions of theinput, outputandstatesets:

Mports = hX;Y; S dint; dex; | ;tal
whee
X= (p;v)jp2InPorts;v2 X, isthesetofinputportsandvalues
Y= (p;v)jp2 OuPorts,v2 Y, isthesetofoutputportsandvalues

Sis thesetof sequentiabktates

This modelis moreconcretethanthe classicDEVS modelin the sensehatit makes
modelingeasiemy introducingthe notationof nite numbersof inputandoutputports
insteadof the abstractotationof input and outputsets.The secondextensionis the
classicDEVScoupledmodelwhich additionallyincludesthe meansto build models
from componentsthis allows the formationof hierarchicakpeci cations:

N = hX;Y;D;fMgjd2 Dg;EIC;EQC;IC; Seledi
whee
X= (p;v)jp2InPorts;v2 X, isthesetofinputportsandvalues
Y= (p;v)j p2 OuPorts,v2 Y, isthesetofoutputportsandvalues
D is thesetof componenhames

componentsre DEVSmodelsfor eachd 2 D,

— My = hX4; Yy; S dint; dext; | ;tai isaDEVSwith
Xa= (p;Vv)jp2InPortsg;v2 Xp
Ya= (p;v)jp2 OuPortsy;v2 Yy
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externalinput couplingconnectexternalinputsto componeninputs,
EIC f((N;ipn);(d;ipg))jipn 2 InPorts;d 2 D;ipg 2 InPortsqg

externaloutputcouplingconnectcomponenbutputsto external outputs,
EOC f((d;opg);(N;opn))jopn 2 OuPorts;d 2 D;opg 2 OutPortsyg

internal couplingconnectomponenbutputsto componeninputs,

IC  f((a0pa);(b;ipp))jab2 D;ops 2 OuPortsy;ipy 2 InPorts,g

Howe\er, no directfeedbackoopsareallowed, i.e., no outputport of a compo-
nentmaybe connectedo an input port of the samecomponent:

((d;opg);(gipe)) 21C) d6 e

Select2® fg ! D, thetie-breakingfunction(usedin classicDEVSbut elimi-
natedin parallel DEVS)

Thepossibilityto construccomplex modelshierarchicallystemdrom thenotationthat
componentof the classicDEVS coupledmodel arethemseles DEVS (with ports)
models,which of coursecanagain be DEVS coupledmodels.
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Chapter 3
Model

The investication of the potentialof SNNs can be regardedas an openresearchs-
sue[RWdRvSB97 — their analysisrequirespowerful simulationsystemswhich al-
low to simulatelarge networks of neuronsHowever, no suchsimulatorsarecurrently
available. The GENESISsimulator[BB94] is currently consideredas the standard
simulatorfor SNNs. It is a continuoussimulator working at the level of continu-
oussignalsandis primarily usedfor conductingresearchon biological neuralnet-
works. With its accurag in emulatingbiological neuronsin detail, it is widely ac-
ceptedand often usedfor this task. But, due its simulation execution demandsjt
doesnot allow to simulatelarge networks for tackling mainly technicalproblems.
Otherresearchon SNNs also use continuoussimulationas analysistechnique(e.g.
[Ruf98, SM01, MN97, BB94, QCO01, CBGO01]). Becauseof the computationallyex-
pensve continuoussimulationtechnique therewere quite someattemptsat making
thesimulationfaste{SMO1, NT].

This diplomathesisproposegthe adoptionof discreteevent simulationtechniquegor
building an SNN simulator Discreteevent simulationabstractdrom continuoussig-
nalsto eventoccurrencesand,by that,usuallyshavs dramaticreductionin simulation
executiontime and/orincreaseof modelsize.SNNs,dueto the event-like occurrences
of spikes,lendthemselesnaturallyfor discreteeventsimulation.

In the following, a discreteevent modelfor SNNsis outlinedwhich shouldsene as
the basisfor building anSNN simulator

The scienti cally new conceptof this diplomathesis— which alreadyhasbeenpre-
sentedn [MAP™ 02] —is to combinethe SNN andDEVS modelsto achieve a e xible,
fastandscalablesimulationof powerful SNNs.

To accomplishthis task,a nev modelof Spiking NeuralNetworks wasdevelopedin
cooperatiorwith Michael Affenzeller HerbertPrahoferGerhardHoferandAlexander
Fried. This novel modelhasbeendesignedespeciallyfor discreteeventsimulation.It
is basedon the integrate-and- remodelandthe mathematicaformalizationof Spik-
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ing NeuralNetworksintroducedn [Maa93 andcitedin subsectior2.2.4 but doesnot
usecontinuoudunctionsfor modelingpostsynapticpotentialsandneuronpotentials.
Insteadof this, piecaviselinearfunctionsareapplied which offer thepossibilityto ex-

actlyandeasilycalculatethe ring timesof neuronausingtheir potentialandthreshold
functions.

In the next section,piecavise linear functionsas usedin this diplomathesiswill be
thoroughlyde ned andthe adwvantage®f their applicationwill beanalyzed.

3.1 Piecewisdinear functions

Theneuronwill re wheneer thevalueof its potentialis equalto or higherthanthe
valueof its threshold.Therefore calculatingthe next ring time is equvalentto cal-
culating an intersectionbetweentwo piecevise linear functions,which canbe done
efciently. It hasbeenshawvn in [Ruf98] thatspiking neuralnetworksusingpiecavise
linearfunctionsarereal-timeequialentto a Turingmachinej.e. thesimulationof one
computatiorstepof a Turing machineby an SNN constructedspeciallyfor this pur-
poseonly takesa x edamountof computationstepswithin that SNN. Therefore the
useof piecavise linear functionsas synapticresponsepotentialandthresholdfunc-
tions describingthe inner neuronstateshouldnot affect the qualitatve computation
power of SNNs negatively. Neverthelesssimulationswill make it possibleto study
the PSPshapes quantitatve in uence on the computationakf ciency of SNNs.By
the useof piecavise linearfunctions,our modelmakesit possibleto approximatehe
shapeof differentfunctionsascloselyasneededr wantedin differentapplications.
Additionally thereis againin e xibility becausehereis no restrictionto mathemati-
cal functionswith a closedrepresentatiorCurrently studyingthe effectsof different
shapesof synapticresponsdunctionsis dif cult becauseclosedrepresentationsf
thesefunctionshave to befound(for thenumericintegrationtechniques- usedin con-
tinuoussimulations-to work). Within our new model,thisrestrictionno longerexists,
offering neuro-biologistsnoredegreesof freedomin their studiesof neuralmodels.
For ef cient handlingandcomputationsve useaspeciabptimization:notrepresenting
the piecaviselinearfunctionsby a list of time/valuetuplesfor the functionpointsbut
by alist of time/gradientuplesfor the functionsegments.This optimizationhasbeen
suggestedby AlexanderFried. Furthermorejn this thesisthe functionsarede ned to
startandendatavalueof zero.

Thereforeapieceaviselinearfunction f(t) is de ned asfollows:
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f = hs;liijs2Rg;1i2RY;(Buv) (O<u<v<lenf))sy<s
f0) := 0
k 1
f) = &fse ) fl+t ) &
=1

with k= max(s < t) (theindex of thelastgradientchangebeforethe currenttimet).
f is avectorof tupleshs;| ji wheres areunique,strictly monotonicincreasingtime
valuesand| ; aregradientvalues. Thegradientsarede ned asthe multiplicandsin the
linearfunctionequations

y=1i x+d

Betweenthe time pointss, ands+ 1 the function hasa constantgradientl ;, 5o := 0,
f(0) .= 0,1 ¢:= 0andl ;1 := 0 for m beingthe numberof gradientchangesn f.

Theadditionalconstraintf (sw+ 1) := 0 mustbesatis edto make thefunctionbounded.

Only the sggmentshs; | ji for (i = 1;:::;m) needto be speci ed to completelyde ne
f(t) for all t, because 1 is de ned to bezeroandsy 1 (thetime whenthefunction
agpinreachesvalueof 0) canbe computedrom the othervalues Fig. 3.2 shavs the
shapeof sucha piecaviselinearfunctionwith 5 segments.

This makesit possibleto represent piecavise linear function consistingof N seg-
mentswith N time/gradientuplesandalsooffers a wide rangeof possibleoptimiza-
tionsin the simulation.

For working with piecavise linear function asde ned in this section,the following
notationwill beused:

fS denoteghe startingtime of thei-th sggment(the time valueof thei-th tuple
of thevector f)

fi' denoteghe gradientof the i-th sggment(the gradientvalueof thei-th tuple

of thevector f)

S denoteghesetof all startingtimevaluesin f,i.e. f>:= ff3j0 i len(f)g
n 0

f! denoteghesetof all gradientvaluesin f,i.e. f' .= f jo i len(f)

3.2 Spiking Neurons

Furthermorethis novel modeltreatsneuronsandsynapseasactive elementanduses
single spike eventsfor modelingthe spikesthat 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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u
Figure3.1: The input synapse®f a neuronv receve spike eventsfrom neuronsu =
1;:::;n, thereforegeneratingheinput valuesof neuronv.

only via synapseso eachother it arethe synapseshatreceve the spike eventssent
by the neurons.Eachsynapseeceves spike eventsfrom only one neuron(the pre-
synapticneuron)andhasonly oneneuronto sendeventsto (thepost-synapticeuron).
Thereforethe network formsa bipartitegraphof neuronsandsynapsesvith synapses
beingpositionedbetweemeuronsasshavn in Fig. 3.1 This diplomathesisusesthe
notationthata neuronv recevesits input from neuronsu = 1;:::;n, which sendtheir
spike eventsto therespectre input synapsesf neuronv.

Thosesynapsesu;vi are,uponthe receiptof a spike event from their pre-synaptic
neuronu, alsoresponsibleor generatinghe post-synaptigotentialsin the form of
piecaviselinearfunctionse,.(t) andforwardingthemto their post-synaptimeuronv,
scaledby their speci c synapticweightw,., anddeferredby their synapticdelayd,;y.
Fig. 3.2 shaws the input and output of a synapsewhich is generatingan excitatory
post-synaptigotentialdue to the receiptof a spike. After a neuronv hasreceved
a new post-synaptigotentialfrom oneof its input synapsesu; vi, it memgesit with
its currentlyvalid potentialP,(t) andrecalculatesf andwhenthe next ring occurs
by calculatingthe time whenthe potentialfunction P,(t) intersectswith thethreshold
functionQ,(t). The neuronthresholds modeledasatime dependentunctioninstead
of aconstanvalueto preventaneuronfrom instantly ring againbecaus¢hepotential
R/(t) mightstill be higherthanthe thresholdvalue. Therefore the thresholdfunction
Qu(t) is de ned to bein nite for sometime tyes (the so-calledabsoluterefraction
periodof the neuron)afterthe neuronv has red, effectively preventingit from ring
until the thresholdhasa nite valueagain. After this absoluterefractionperiodends
atrelatvetimetyef, theneuronentersherelatve refractionperiod,duringwhich the
thresholdfunctionrapidly approachegs constantvalueQ,(0), which by de nition is
reachedatrelatvetimeteng. In Fig. 3.4the ring of aneuronv dueto theintersection
of the potentialandthethresholdfunctionsis shavn.
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Figure 3.2: Synapsdunctioning: The synapsegeneratesn excitatory post-synaptic
potential EPSP)afterthereceiptof a spike event.

Following the de nition in section3.1, the synapseesponsdunctione(t) cannow
bewritten as

kuy 1
ewv(t) = a (eﬁ;v,i+1 eﬁ;\/;i) elu;v,i+ (t eﬁ;\f,ku;\,) eIu;\f,ku;v
i=1

o<

and e;(0) := 0, whereask,y = max(e;j;w < t). Thereforethe current gradient
of e,y(t) is denotedby e'u;v'ku;v. If, after eachgradientchange,the function value
a,;v(elsj;wku;v) is calculatedor the simulationtime directly beforethis changethenthe
recursve form

() = Bl )t 0 k) Civic

canbeused.

Theassumptiorthate,(t) = O fort 2 [0;dy.y], i.e. theinitial synapticdelaybetween
the receiptof a spike from neuronu until the post-synaptigotentialstartschanging
the potentialof neuronv, canbe modeledeasily by choosinge;,,; = duy (e{l;\,,o, the
gradientwithin theinterval [0; €},4] is 0 by de nition).
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The potentialof aneuroncannow bede ned as

P/(t) == a a Wiy ep(t s
u2vVv su2 Ry
huvi2 E g <t

with P,(0) := 0, whereV speci esthe setof neuronsE the setof synapseandF,
thesetof ring timesof the neuronu. Thereforethe potentialP,(t) is de ned asthe
linearsumof all incomingPSPsausedy spikesfrom theneuronsu, whereasnultiple
PSPdrom asinglesynapséu; vi, startedattimess, 2 F,, canbeactive (theresponse
functione,(t sy) hasnotreached again) concurrently

Insertingthe de nition of piecaviselinearfunctionsin Py(t) yields:

RPA(t) = a a Wiy
u2vVv su2 Ry
huvi2 E g <t
kay 1 !

.él (vivr i) it t S vk elu;v,ku;v

However, computingthis formuladirectly eachtime anintersectiorwith thethreshold
function hasto be calculatedvould causetoo muchcomputationakffort. Therefore,
it is oneof the key pointswhereoptimizationis necessaryin this diplomathesis the
following optimizationis proposedP, is kept as a statevariablewhich is initially
empty

R/(t) := hi for (8u) (u2 V;hu;vi 2 E) Fy= 0
Whena neuronof the input setof v, i.e. a Neuronu for u2 V andhu;vi 2 E, res,
thenthe new responsdunctione,(t s,) (post-synaptipotential)generatedy the
synapsédu; vi is megedwith R,; memgingis simply doneby addingtheresponsédunc-
tionsto the potentialrecursvely:

P(t) = R(t) + et )

As thesefunctionsareboth piecavise linearasde ned in section3.1, the sumof two
piecaviselinearfunctionsneeddo becalculated:

R = B ew
R ey = Isliijs2P[ &y
(8j;K) (0< j< k< lenR, +aj;v)) Sj < S
| = dr, . deuy
dt . s dat g
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with % t! s denotingthegradientof thefunction f attimes;, but usingthe“right”
gradient(with valuesin nitesimally largerthans;) if f is not continuousat s;. This
meige processcanbe donewith linear compleity for arbitrary previous statesof P,
andresponsdunctions— assumedhat both functionsarevalid accordingto the de -
nition andconstraingivenin section3.1; calculatingthegradientvaluesas

I = P\lr,j + elu;v,k
j= maxPy )

k= mlax(eﬁ;w S)

in theabove de nition of thesumenablesanef cient implementationAfter thememge
processthe new neuronpotentialis — in ary case— again a piecavise linearfunction
following all constraintgivenin section3.1(e.g.thevaluesP\(,)‘si areuniqueandstrictly
monotonidncreasingindP\?(P\%w 1 = 0).

Fig. 3.3 shavs anexamplewherea new responsdunctioney,(t s,) is megedwith
the currentpotentialfunctionR,, generatinghe new potentialfunction Pf,).

Dueto the specialinternalrepresentationf andconstrainton piecavise linearfunc-
tionsin the currentimplementationjt is possibleto usean extendedand very fast
variantof the meige-sortalgorithmfor combininga newly receved post-synaptigo-
tentialwith the currentneuronpotential(seesectiord.2) which completelyeliminates
theneedto sumup overtheneuroninputsasit hasto bedonein the standardntegrate-
and- re model.

ThethresholdfunctionQ,(t) is alsode ned asa piecaviselinearfunctionas

8
% ¥ if max(Qy) t< max(Qg) + tyret
eref
- ol 1r~s sy A - max(Qy;) + tyrer t
0 g +(at‘|:l (S?)wbll QV'I) QV’I 't < ma)ﬁ(Q\S},i) + tyref + tvend
v, vl
" QuWO) otherwise

whereQy(0) is someconstantvalue, Qj; specifythe ring timesof neuronv, Qyres
is theinitial value of Qv(ma)q(Qai) + tyref) afterthe absoluterefractionperiodwith
Qu(t) = ¥, 1y denoteshenumberofgradientc:hangesandQ{,,i arethegradientswithin
theintenvals[Qy;; QF;. 1] (seeFig. 3.4).

The goal of discreteevent simulationis now to calculatethe simulationtimess, (in
Fig. 3.4speci edast, for betterreadability)at which theneuronv will re.
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Figure3.3: Merging a new post-synapti@otentialwith a neurons potentialfunction.

3.3 Calculation of ring times

To calculatethe simulationtime pointswhena neuronv will re, it is necessaryo

calculatethe intersectiondetweerthe neurons potentialandthresholdfunctions.As

boththe potentialandthresholdfunctionsarepieceavise linear, this calculationcanbe

reducedto calculatingthe intersectionbetweeninear functions.A linear functionis

normallygivenas

e+ d

y(®) =k (t

For uniquely de ning sucha function, only one of the constantd and e would be
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Figure3.4:Neuronpotentialintersectingwith thethresholdfunction.

y

Figure 3.5: Calculatingthe intersectionbetweena neuron$ potentialand threshold
functions.

necessaryBut for simplifying the applicationof theseequationsto the intersection
algorithm,both areused.To calculatethe intersectiorbetweenwo suchfunctionsy;
andy,, onecanuse

itk (t e)=dotke (t &)

or, aftermakingt explicit:

di b ki etk e
ke ki

Whencalculatingtheintersectiorbetweertwo pieceaviselinearfunction,it is sufcient
to calculatethe intersectiondetweeneachof the segments.The intersectionof the
piecaviselinearfunctionsis foundwhenthecalculatedimet is insidethetime-frame
in which both sggmentsarevalid. An exampleof this canbe seenin Fig. 3.5 in this
exampletheintersectiorbetweerthe neuronpotentialP, andthe neuronthresholdQy
occursin sggment3 of R, andsggment2 of Q,. Thus,whencalculatingtheintersection
timet betweerthosesegmentswith

t=
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X3 XQ2 lp3 Sp3tlq2 Sq2

t=
Q2 Ips3

theconditionxpz t< Xps™ |l g2 t<Iq3ismet.Thismeanghattheintersection
timet is within the de nition frameof the sggments(the time intenal in which both
segmentsarevalid) andthereforeit is indeedanintersectiorbetweerP, andQy,.
WhenR, andQ, arepieceavise linearfunctionsaccordingto the de nition in 3.1 (the
importantrestrictionis thatthe tuple vectorsneedto be sorted),thenthe intersection
time canbecalculatedn lineartime complexity.

3.4 Network inputs and outputs

For an SNN to prove usefulin practicalapplicationsthereis a needfor well-knowvn
codingschemest the inputsand outputsof the network. The temporalspike coding
schemefransportingnformationwithin the neuralnetwork on the exact ring times
of spikes,seemdo offer mary bene tsin termsof computationpower and compact
codingof information.Neverthelessat the momentthereexist practicallyno sensors
or actorsutilizing this codingschemesoit cannotbeusedfor interactingwith thereal
world. Thereforejnputandoutputcornverterswhichtransformheexternalinformation
codingto spike trainsatthe SNN inputandthespike trainsto theexternalcodingatthe
SNN outputare neededEffectively, this transformghe SNN into a blackbox whose
inneroperationslo not have to beknown.

Additionally, thesecorvertersoffer more e xibility becausehe externalandinternal
information coding schemesare decoupled.This enablesthe use of different spike
coding schemessuchas temporalcoding, rate coding, populationcoding or much
more complex coding schemeglik e fractal coding) without beingforcedto change
the external representatiof information. It alsoeaseghe useof differentexternal
informationcodings e.g.whenaddingadditionalsensor®r actorsfor interactionwith
theernvironment.

Currently inputandoutputconvertersbetweerrealnumberedrectorsoutsidethe SNN

andtwo inner codingschemesave beenspeci ed: temporalcodingandrate coding.
The third known codingschemehatis usedin biological models,populationcoding
(referto subsectior2.2.7), is currentlynotspeci edin detail. Thefollowing de nitions

have, asfar asapplicable beenadaptedmainly from [Ruf98] becausdhe input and
outputcorvertersareindependendf theinnersimulationtechniquetheironly purpose
is to cornvertbetweerrealnumbered/aluesandsimulationtimes.

Temporalcodingis de ned asfollows: Theinputneuronsu res atsimulationtimes

Su= Tinpuw d Xy
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wherex, speci estherealnumberedraluethatshouldbecoded,Tinp« areferenceime
markingtheinput valuezero,andd a commonscalingfactor It hasbeenshavn that
this codingschemecanbeusedto easilydetectequalityor nearequalityof values(see
[Maa97h), simulateMcCulloch-Pittsneurons(see[Maa99}), computeradial basis
functions(RBFs,see[Hop95) andweightedsums(see[Ruf98]) aswell assimulat-
ing sigmoidalneurongalso[Ruf98]) andapproximatingary continuoudunction(see
[Rufog], [Maa99j and[Maa973).

Ratecodingis de ned by
1
X
The neuronu res periodically with frequeng x, whereasx, is the real numbered

valuethatshouldbe coded By de nition, theinputneuronu startsto re attime

ooz L
0= o
Xy

for the rst time andthen res attherecursvely de ned times
Suji+1 = Sui + Dsut

This de nition uniquelyde nesthe ring timesof aninput neuronu for a constant
input valuex. It is not de ned anddependenbn the implementatiorhow the exact

ring times are calculatedwhen the input value x, changesduring the simulation.
Usually Ds, will be modi ed immediatelywhenx, changesbut the next ring time

Sui+1 Will be kept—thenext ring eventwill be executedasit hasbeenscheduled.
Only the ring time afterthenext, sy:j+ 2, will bein uencedby thechangedring rate

assyji+2 = Su+1+ Dsu.

The network output corverterswork accordinglyby receving spike eventsat their

inputsandcomputingreal numberedvaluesfor their outputs.Temporalcodedoutput

converterscalculatethe outputvaluewith

_ Tinpu  Su

d
whereadhe constanscalingfactord shouldhave the samevalueasusedin theinput
converter If areferencespike attime Tinpy is available,markingthe exacttime point
with realnumberedsalue0, thenthis outputcodingis the exactinversionof theinput
coding,allowing the network to useabsolutanputandoutputvalues However, if such
areferencevalueis notavailable thentheoutputconvertermusttake thesmallestalue
in the respectre outputcycle (the time of the spike that hasbeenreceved latest)as
Tinpu; thisresultsin someconstanerrorfor all outputvalues(scaledcorrectlybut not
having an absolutereferencepoint). This problemis inherentto the coding scheme,
whichis basedn relative times(time differences).
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Ratecodedoutputconverterscansimply usethe lasttwo receved spikesto calculate
theoutputvalue(the ring rate)with

1 1

Dsy  sui+1  Sui

3.5 Learning

Learningthe synapticweight valuesin this modelcanbe doneasin every otherim-
plementatiorof anSNN simulation.E.g.in [Ruf98] afew methoddor supervisec&nd
unsupervisedearningin temporalcoding are explained.One suchlearningrule for
supervisedearningcanbe conductedvith only two spikesat eachsynapsédu; vi : the
pre-synaptimeuronu res attimet, andthe post-synapticeuronis forcedto re at
timetg by additionalPSPgfrom auxiliary neurons)whichis thetimeit should re for
thegiveninputpattern.Thenthe synapticweightcanbe changedaccordingo

DIVU;V: h (to tu)

with afollowing normalizatiorof theweightvectorof neuronv aftereachlearningcy-

cle. However, sincethereareauxiliary neuronsneededo male this learningpossible,
it is questionablavhetherthereis any biological motivation for this method.SNNs
naturallyimply theuseof unsupervisetkarningtechniqueslueto theirinherentevent
orientednature.

Therefore,the simulationsconductedfor this diplomathesisdo not useary form

of supervisedearning.Instead,a simulationof an SOM (Self Organizing Map, see
[Koh99g) hasbeenwritten — but the basicstructureneededor arbitrarylearningal-

gorithmshasbeenimplementedmakingthe useof otherlearningmethodseasy(see
sectiond.4). A simple,unsupervisedearningrule would beto apply

Dwyv=h (su wyy)

to the winner neuronv (the neuronthat res rst in the competitve layer), wheresy,
is the ring time of the pre-synaptimeuronu in the currentcycle andh is the current
learningrate[Ruf98]. But to extendthis methodto alsoexhibit self-olganizingbehar-
ior, neighborhoodnformationmustbeintroduced Oneway to do so,alsodescribedn
[Ruf98] andimplementedor the simulationdescribedn section5.4, is thefollowing,
enhancedearningrule:

Touw tv
Tou

D/Vu;v = h (SJ WU;V)

wherety is the ring time of the v-th competitve neuron(the post-synapticieuronof
therespectre synapsepndTyy is the referencdime markingthe endof thelearning
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cycle. It isimportantthatno competitve neuronwill re afterTy —every neuronthat
res in the currentlearningcycle must re beforethis time; this canbe satis ed by
settingToy largeenoughTheruleis appliedto all neuronsn thecompetitve layerthat
have red beforetime Ty . Thentheneighborhoodunctionneededor self-olganizing
behaior is realizedby thefactor(Tox  tj)=Tou. Furthermorethelearningrateh as
well asthelateralweightsw:; betweerthe competitve neuronsareslowly decreased,
thusalsodecreasinghe sizeof the neighborhoodisthelearningadvances.
Anotherunsupervisedearningrule is describedn [NR98], which emulatesRBF net-
worksin temporalcoding.However, for this diplomathesisno simulationsaboutRBF
networkswereconducted.
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Chapter 4

Framework

In orderto be ableto prove thatthe conceptgroposedn this diplomathesisindeed
work for practicalsimulations,a Java framewvork for DEVS simulationof SNNshas
beendevelopedandthecorepartsconcerninghestructureof theNeuralNetworksand
handlingof eventsincluding calculating ring timesof neuronsare complete.Using
discreteevent simulation,an enormousncreasen simulationspeedand e xibility is
expectedwhen comparedo the currently usedcontinuoussimulationtechniqueslit
shouldbe possibleto simulatelarge networks of spiking neuronsand thus allowing
studiesof advancednetworksholdingalot moreinformationthannetworkswith only
a small numberof neurons Additionally, it is expectedthat the simulationspeed-up
gainedby discreteevent simulationwill increasewith the size of a network, because
typically the percentagef concurrentlyactve neuronswill decreaseasthe number
of neuronsin the network increasesWith this framework it will be possibleto sim-
ulate and visualize Spiking Neural Networks with piecavise linear functionsandto
experimenteffectively with new signalforms andlearningmethodsn the contet of
computationatheoryaswell asfrom thebiological point of view. Althoughthe useof
otherfunctiontypesis possiblein the core partsof the framework, the currentimple-
mentationonly coverspiecavise linear ones(asde ned in section3.1), which seem
to be sufcient for reproducingmostcomputationakffects of biological neuralnet-
works (referto section3.1). If, atsometime, it turnsoutthatotherfunctiontypes,e.g.
polynomialfunctionsor approachebasedon B-splines|CS47, CS94 couldbebene-
cial, addingthesetypesto the framevork caneasilybe carriedout; the baseclasses
of the framewnork have beende ned on an abstractievel that is independentf the
usedfunctions.Neverthelesspiecavise linear functionsalsoallow anapproximation
of all function shapesscloselyasneededr wanted,evenif therearemoreef cient
approximationgor somefunctiontypes.
In thefollowing subsectionghe simulationframenork will be describedFirst of all,
the core partsof the frameavork for the event handlingin neuronsand synapsess
explained,followed by an overview of the additionalpartsproviding addedfunction-
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ality. In generaltheimplementatiorwill not be explainedin greatdetail, becausehe
Javadocdocumentatiorhasbeengeneratedor exactly this purpose.Instead,in this
chaptemmainly the featuresof the differentcomponentwill be describedput elabo-
ratingthedescriptiorfor the corealgorithmsthatactuallyimplementtheformal modal
describedn chapter3. In the algorithmdescriptionsmerelythe importantpartswill
be shavn, omitting deluggingstatementandmaintenanceode.

For detailsof theimplementatiorsuchasmethodparametergyre-andpost-conditions
andexceptionsthereaderis referredto the Jastadocdocumentationvhichis contained
onthe CD-ROM (submittedaccompanpingly).

4.1 Architecture

The simulationframework is basedon MOSAIC (MOdeling and Simulationby As-
semblinginteractive Componen{s developedat the Institute for SystemsResearch
at the JohanneXeplerUniversity Linz. It is a framework for building discreteevent
simulationsystemdollowing the DEVS modelandusinganobjectorientedapproach
basedon JavaBeansThis approactallows to build comple« simulationsystemsier
archically Furthermore,JavaBeangle ne a cleanapplicationprogrammingnterface
(API) for the useof the basiccomponentsBecauseof the useof Jara asimplemen-
tationlanguagethe whole simulationsystemis completelyplatformindependenand
canrunon ary computemwhich a Java virtual maching(JVM) is availablefor. During
the developmentof this simulationframework, both Microsoft Windows 2000 with
JVM 1.3.1andJVM 1.4 aswell asDebianGNU/Linux 3.0 with JVM 1.3.1andJVM
1.4 have beenused.Therefore the systemrunswithout ary problemson theserefer
enceplatforms.It will probablyrunonary platformwith aJVM, but this hasnotbeen
veri ed sofar.

4.1.1 Requirements

Currentlyonly aJVM version>= 1.2is neededo compileandrun the simulation,but
this maychangean thefuturedueto the possibleuseof newerlanguagdeaturegsuch
asassertionsvailablesinceJVM 1.4 or templategplannedfor JVM 1.5).
Additionally, afew externalJavalibrariesareneededor variouspartsof thesimulation
framavork; but all of themareavailablefor free:

ApacheAnt: ApacheAnt is a Java-basedbuild tool thatenablego build complec
software packageolatform-independentlyin this simulationframework, it is
usedfor controllingthewholebuild procesgexplainedin subsectiort.1.2).
Required version: >= 1.4includingthe additionaltaskspackage

Available from: http://jakarta.apache gfant/inde.html
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License:“ApacheSoftwareLicense Versionl.1” (OpenSource)
Antis notdistributedwith thesimulationframewnork becausé is neededo build
thedistribution.

JUnit: JUnitis aregressiortestingframevork written by Erich GammaandKent
Beck. It is usedto conductautomaticregressiontestsof software components
that canrun automatically In this simulationframework, it is usedto testim-
portant parts automaticallybefore creatingthe distribution les (explainedin
subsectior®.1.3.

Requiredversion: >=3.7

Available from: http://wwwjunit.og/index.htm

License:“IBM CommonPublicLicenseVersion0.5” (OpenSource)

JUnit is distributed with the simulation framewvork in the sourcetree under
libraries/junit-3.7.jar

JAl: TheJavaAdvancedmagingAPI providesasetof object-orientednterfaces
thatsupportasimple,high-level programmingnodelwhichallows developerdo
manipulatamageseasily In this simulationframework, it is only usedfor load-
ing andstoringimagesasnetwork inputsandoutputs(explainedin sectior4.3).
Requiredversion: >=1.1.1

Available from: http://java.sun.com/productsija-media/jai/inde.htmi
License:“Sun Microsystems]nc. Binary CodeLicenseAgreementlAVA AD-
VANCED IMAGING API, VERSION 1.1.1” and “DEVELOPMENT TOOLS
JAVA ADVANCED IMAGING, VERSION1.1.1SUPPLEMENRAL LICENSE
TERMS”

JAl is distributed with the simulationframeavork in the sourcetree underli-
braries/jai_core.jaandlibraries/jai_coded.jaDistributionin binaryform is al-
lowedby the“*SUPPLEMENTAL LICENSETERMS”, paragrapl?.

4.1.2 Build process

Sincethis simulationframenork is a comple software systemconsistingof mary
interactingcomponentsthe build processof the distribution les (source,documen-
tationandbinary)is nottrivial. Thereforeto enablethe systemto be built easily an
automateduild processasbeencreated.

The build processusesApacheAnt asthe build tool. This programparsesthe le
build.xml to get the build instructions.As this is an XML le, it canbe readwith
ary 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 dependon the otherneededasks.The distribution
sourcedirectorycontainghefollowing 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.xm is the main build le for Ant, which containsall the instructionsthat are
neededo createthe documentatiomndbinarydistributionsfrom the extractedsource
distribution. In thedirectorylibraries/ areonly thoseJava librariesthataredistributed
with the simulationframework (describedn subsectiort.1.1). The otherdirectories,
concurent/, mosaic/andsim/ containthe sourcecodeof thewhole simulationframe-
work, includingMOSAIC.

WhenAnt is executedfrom within this sourcedirectorywithout furtherparameterst
automaticallycreateghedirectoriesbuild/, containingtheintermediateouild les, and
dist/, containingthe createdsource documentatiorandbinary distribution les. This
behaior is de ned by thevariousbuild tasksin build.xml, whicharelistedin table4.1

4.1.3 Automatic componenttesting

Due to the supportof the JUnit regressiontesting framework, building nev au-
tomatic componenttestsis simple. A new test class only needsto be derived
from junit.framework.TestCase , wWhich is demonstratedby the implemented
ImageConverterTest  class.Currently the framework is setup to containunit test
classedn the packagemosaic.sim.neuron.tests , correspondinglyin the source
directorymosaic/sim/newn/tests Although at this stage the ImageConverterTest
classis the only onethat hasbeenimplementedptheroneswill be addedin the fu-
ture,with testsfor the corealgorithms(like megeandintersectiorof piecaviselinear
functions,seesectiord.2for anexplanation)beingaddednext.

The main build le build.xml containsthe build tasktest to startthe automaticre-
gressiortests Newly addedestswill automaticallybeincludedin thetestingprocess,
they only needto be putinto the mentionedirectory

4.1.4 Basicstructure

Themostbasicstructureof thewholesimulationframework is abipartitegraphformed
of Neuron andSynapse objectsAll of thesimulationdynamicsouilds uponthistopol-
ogy, whichis illustratedin Fig. 4.1
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| Taskname| Dependsn | Description |

init Createsan internal time stampand the directory
build/.
compile init Compilesthe whole Jara sourcefrom the current

directory(containedn thedirectoriesconcurent/,
mosaic/andsim/) andputsthecompiledclass les

into build/.

test compile Startsthe automaticregressiontestson the com-
piled classesand stopsthe build processvhenan
erroroccurs.

dist compile Creates the directory dist/, generates the

JavaDoc HTML documentationand generates
the les  disttDEVSNewn-doc-<date>.zip
dist/DEVSNewn-sic-<date>.zip and
dist/DEVSNeuwn-bin-<date> jar.

The le  DEVSNeunn-doc-<timestamp>.zip
contains the JaszaDoc HTML documenta-
tion for the simulation framework, the le

DEVSNeuon-sic-<date>.zip  contains  the
complete source distribution with all les

that are neededto build itself and the le

DEVSNeuon-bin-<date>.jar contains all com-
piled classand auxiliary les neededto run the
simulations (only the binary distribution le is
neededo runthesimulationsor developadditional

simulations).
clean Remaesthedirectoriesbuild/ anddist/.

Table4.1:Build tasksin theautomatedramework building process.

Following the methodologyof MOSAIC, the corepartsareactive elementsvhich di-
rectly or indirectly usethe MOSAIC baseclassTimer . This classenablesomponents
to becomeactive in the simulationby triggeringtime events;morecver, it allows the
simpleadditionof visualizationelementsdasedon the Javza SwingtechnologyIn the
presensimulationframenork, 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 sdheduling As these event types are already pro-
vided by the MOSAIC framework, its functionality is used.Wheneer a time
eventis to be scheduledor activation, a methodcalled activateAt(double

absoluteTime)  or activateln(double relativeTime) is called (seealgo-
rithm 1 for an example). Thesetwo methodsare implementedn Timer , sup-
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Figure4.1: The generalstructureof the simulationframework is a bipartite graphof
Neuron andSynapse objects.

Figure4.2: Auxiliary classesn the coreframenork.

portedby BasicActiveModel  aswell asActiveVariable (referto sectior4.2?)
andarethereforeavailablein eachdervedclass.

Internalevents:Theseeventsaremostly subsequendventswhich arecausedy
time eventsor statechangeevents.In the implementationjnternal eventsare
simple methodcalls that are usually donefor a list of similar objects.One of
themostimportanteventsin the simulationframework is the spike event,which
is sentby Neuron objectsto alist of Synapse objects;this eventis aninternal
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event (referto algorithm?2), but is causedoy a time eventwhich actvatesthat
Neuron object.

State changeevents: Theseevents are triggered when certain systemstates
changetheir value. Sendingand listening for sucheventsis also supportedoy

MOSAIC, the createdsimulationframevork is using this support.Although

statechangeaventsaremostly usedfor thevisualization(by visualizationcom-

ponentdisteningto statechange®f thosecomponentshey represent)they are
alsousedfor triggeringthe recalculationof ring times after the potentialor

thresholdfunctionsof a Neuron objecthave changed.

Theuseof theseeventsin thevariouspartsof the simulationwill bedescribedn more
detailin the following sectionsHowever, therearea few globalauxiliary classeghat
areusedin almostall following parts:

GlobalConstants This classde nes someconstantghat are global parametergor
the simulationframework, e.g.the inaccurag window usedfor comparingtwo
oating point numbers.(Due to roundingerrors,it is not reasonabléo com-
pare oating point numberdor equality Instead the absolutedifferencehasto
be smallerthansomesmall valuee, calledinaccurag window in this diploma
thesis.)

CodingException Thisclassrepresentanexceptionin theusedspike codingscheme,
which canbee.g.temporalor ratecoding.Wheneer a situationis detectedhat
is not allowedwithin the de nition of the usedcodingschemethis exceptionis
thrown by theinput or outputcorverters.

Debug Thisclassis usedfor deluggingpurposesmainly for printingdehug messages
dependenbn a tracelevel andfor assertiongalthoughthey are now available
asa languageconstructwith a JVM >= 1.4, but the assertiongrovided by this
classaremorepowerful in loggingerrormessages).

4.2 Neuronsand Synapses

Thecoreframavork mainly consistf theclassedNeuron andSynapse , whicharein
thecenterof thesimulation.As canbeseenn Fig. 4.3, theconnectiorbetweerNeuron

and Synapse objectslies within the interfacesNeuroninput  and NeuronOutput ,
which will be describedoelon. Now, the mainideais that Neuron objects re spike
eventsto Synapse objectsby calling the respectre method;thereforethose spike
eventsare internal events. Upon receving a spike event, the Synapse objectswill

thenin turninvoke amethodof their post-synaptidleuron objectto statethatanevent
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Figure4.3: Main classegor eventhandlingin neuronsandsynapses.
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hasbeenreceved. After this, the Neuron objectwill starthandlingtheincoming r -
ing event(seealgorithm1) which involvesthe calling of anothemrmethodof the input
Synapse objectto getthe parametersf thegeneratedgynapseesponséunction.Due
to thisincomingevent,theNeuron objectmightthengeneratetime eventfor its own
activation, scheduledor thetime whenthenext ring eventis due.As thetime event
is thentriggeredat somefuture simulationtime, theNeuron objectwill getreactvated
andwill in turnemitaspike event(seealgorithm?2).

In thefollowing, theinterfacesandclasseshatimplementhis concepin thecoreparts
of thesimulationframework areexplained.lt isimportantto notethattheprocesstself
is completelyindependentf the usedfunctiontypes,bethempiecaviselinear, spline
basedr continuous- thegeneraldeais merelyto useaneventbasedapproach.

Neuronlnput This interfacespeci esthe capability of an objectto actlike aninput
of a neuron,i.e. the ability to receve spike events.It will usually be directly
connectedo anobjectwith the capabilityof sendingspike events,i.e. anobject
thatimplementsthe NeuronOutput  interface.The only methodthatis de ned
by this interfaceandthereforemustbe implementedby objectswhich needto
receve spike eventsis

public  void spikeEvent(NeuronOutput sender)

Therefore,a spike event doesnot carry ary otherinformationthanthe sender
object,whichis biologically motivated.

NeuronOutput Thisinterfacespeci esthe capabilityof anobjectto actlik e the out-
put partof a neuron,i.e. the ability to sendspike events.Objectsimplementing
theNeuronlnput  interfacewill registerto this eventsourceandall objectsim-
plementingNeuronOutput mustcall thespikeEvent()  methodof all currently
registeredobjectswhenerer the objectemits a 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 the methodfireSpikeEvent for sendinga spike eventto all regis-
teredNeuroninput  listeners.Becausenot only Neuron objectswill emit spike
events,but typically alsoinput converters(seesection4.3) andother“sensory”
classesthe functionality of sendinga spike eventto alist of registeredisteners
hasbeenabstractednto this class.
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Neuron Thisis the coreclassof the framewvork, administratinghe handlingof spike

eventsandholdingthePotential  andThreshold objects.lt representsa neu-
ron, which is ableto re spike events(thusit implementsthe NeuronOutput
interface)andreceve spikesindirectly via Synapse objects.For a simplehan-
dling of theinputandoutputSynapse objectsthisclassusesArrayList mem-
bers,which caneasilybe manipulatedusingthe respectre memberfunctions.
Additionally, more sophisticatednethodsfor manipulatinginputs and outputs
areavailable,suchasthe methodaddinput which addsa givenNeuronOutput
objectto the list of inputs;to accomplishthis, a nenv Synapse objectis gener
atedfrom a templateobjectandthe bi-directionalconnectionn both sidesof
the Synapse object(the given pre-synaptidNeuronOutput  objectandthe cur-
rentpost-synaptidNeuron object)aresetup. Thus,this singlemethodcall will
generatdour new links to completelyconnecthe bi-directional,bipartitegraph
formedof Neuron andSynapse objects.

FurthermoreeachNeuron objectcontainsaPotential andaThreshold object
for maintainingits internalstateasde ned in the formal modelin section3.2
The Neuron objectitself doesnot have ary otherstateinformationthanthe in-
put andoutputobjectlists; all of the calculationaccordingto the formal model
is donein the embeddedPotential  and Threshold objects.However, it is
responsibldor administratingthe o w of spike eventsthroughthe simulation
framavork, asshowvn in algorithmsl and2.

Note that the Neuron objectitself is completelyindependentf the function
types.

Synapse This classrepresentsynapseswhich are the connectionsbetweenneu-

ronsin the biologicalmodel.Whena Synapse object— which implementshe
Neuroninput  interface— recevesa spike eventfrom any NeuronOutput capa-
ble object,it will forwardit to the connected post-synapti¢ i.e. the receiver
Neuron object(seealgorithm3), which will thenquerythe Synapse for there-
sponseparametersTheseparameterslie ne how the neuronpotentialchanges
becausef the incoming spike. This classis declaredabstractbecausat does
notde ne ary responsdunctiontype, but thosefunctiontypesmustbe de ned
by usinga derved classandoverriding the methodgetResponseParameters
However, Synapse alreadyimplementgshemaintenanceodeneededo connect
with asendemMeuronOutput  object(whichwill mostlybeaNeuron object)and
areceiverNeuron object.Furthermoreit de nesaframework for implementing
learningmethodswhichis describedn sectiord.4.

PLFunction This classrepresents piecavise linear functionin 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 objectafterreceving a spike event—thusit is the
entrypointin the Neuronobjectfor handlinginternalevents.
public  void spikeEventFrom(Synapse sy) {

potential. mergeSynapseResponse(sy.getResponseParameters());
scheduleNextFiring();

}

As canbe seeneasily the Neuron objectjust passeshe synapseresponsearametergthat
are obtainedfrom the Synapse objectwhich sentthe event) to its Potential ~ object. This
Potential  objectis thenresponsiblefor updatingits state(seealgorithm5). The method
scheduleNextFiring thenuseghenenly calculateduture Potential ~ stateto calculateand
schedulghe next time whenthis 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 delegatedto anotherobject, in this casethe
Threshold objectby callingthe methodcomputeTimeOfFire  whichonly callstherespectre
methodof theThreshold  object(seebelow). After that,two casesredistinguishedEitherthe
calculationresultedn anext ring time (in which casethereturnvalueis non-in nite) andthe
respectire time eventfor activating the Neuron objectis scheduledpr thereis no next ring
time with the currentPotential  andThreshold states(the returnvalueis in nite) andthe
time eventis canceled.

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

Thenthe Neuron objecthascompletechandlingthe incomingeventat the currentsimulation
time.

Algorithm 1: Handlinganincomingeventin aNeuron object.

thesesegmentsin simple arraysof double values.The linear segmentsare
describedby their gradientsandtheir startingtimesandthe whole function is
de ned to startat value 0 andtime 0 with gradientO. All gradients]i] are
valid betweerthetimesgradientTimes][i] andgradientTimes][i+1] . There-
fore, thewholefunctionhasavalueof 0 in theinterval [O; gradientTimes [0Q]].
The last sggment, 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 methodsare provided for operationson pieceavise
linearfunctions,suchasgetFinishedSegments  andgetValueAtTime

PLSynapse This classis derived from Synapse , implementingsynapsesvith piece-
wise linearfunctions.This classis still abstracbecausehe shapeof the piece-
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Whenatime eventhasbeenscheduledy scheduleNextFiringTime , theNeuron objectwill
getreactvatedatthescheduledimulationtime by the MOSAIC framevork. Thisreactvation
is doneby calling the methodprocessSimEvent , which is thenresponsibldor 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 respectte method of the base class
NeuronOutputSupport . Then,the Threshold objectis noti ed of the ring asit maychange
its statedueto this (this noti cation is alsoaninternalevent),followed by the input Synapse
objectsalso being noti ed (this is importantfor learning algorithmsas explainedin sec-
tion 4.4). In a nal step,a possibly nen time event is scheduledas the Potential  and
Threshold stategmight alreadygeneratenotherspike in thefuture (if no spike is to be emit-
ted, scheduleNextFiring will notscheduleatime event).

Algorithm 2: Generatinga spike eventin aNeuron object.

Whena Synapse objectreceivesa spike event(dueto implementingthe Neuronlnput  inter
face),it will forwardthis eventto its associatedeceiverNeuron object.
public  void spikeEvent(NeuronOutput sender) {

lastEventTime = SimApplication.getCurrentSimApplication().getTime();
receiver.spikeEventFrom(this);

}

After thetime of the incomingspike eventis recordedwhich is importantfor learningalgo-
rithms,theinternaleventis simply forwardedto the associatedecever Neuron object.

Algorithm 3: Forwardinga spike eventin a Synapse object.

wiselinearfunctionis notde ned, but queriedusingthe abstracfunction
protected  PLFunction getStandardResponse()

But thosesynapticparametershatareusuallyusedat eachsynapsethe weight
anddelay aredirectly implementedn this class;they areappliedto the piece-
wise linear function returnedby getStandardResponse  beforereturningit in
theoverriddenmethodgetResponseParameters  (seealgorithm4).

ConstantPLSynapseThis classrepresentsa synapseusing pieceavise linear func-
tions, but with a constantshapefor all synapseobjects in the simula-
tion. It merely overloadsthe methodgetStandardReponse ~ from PLSynapse
to return a piecavise linear function that is kept as a static memberin
ConstantPLSynapse
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The methodgetResponseParameters  is responsibldor returningthe responsédunctionthat
aSynapse generatefn responséo aspike event.

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.gradientTimesi] = standardResponse.gradientTimes]i] +
delay;

return  response;

}

First of all the standardshapeof the responsdunctionis retrieved from the abstractmethod
getStandardResponse . Thenthis responseas simply scaledby the weight parameteand
shiftedby thedelay parametebeforereturningit.

Algorithm 4: Calculatingthe currentsynapseaesponséunctionfrom synapticparam-
eters.

ActiveVariable Thisclassimplementsanactive variablethathassupportfor sending
out VariableChangeEvent s andfor sendingitself a TimeEvent , thereforebe-
ing an actie variablecontainer Active variablesare ableto generatehe third
type of event:the statechangesvents.This classhasbeenimplementedecause
BasicActiveModel ~ doesnotsupportsendingvariableChangeEvent — s.

Potential This classrepresenthe potentialof a neuron.lt is abstractand doesnot
implementary behaior, but justde nestheinterfacethattheNeuron classuses
to interactwith its associategbotential. The only methodsde ned by this class
andneededo beimplementedn overridingclassesare

public  double getCurrentPotential()
public  void mergeSynapseResponse(Object change)

(seealgorithm1).

PLPotential This classrepresents neuronpotentialdescribedby a piecavise lin-
ear function. It doesfor the Potential  object what PLSynapse does for
Synapse : implementinga speci ¢ behaior of the abstracfunctionality To ac-
complishthis, PLPotential  hasa statemembervariablechanges , whichis a
PLFunction and containsthe currently knovn potentialfunction (mostly fu-
ture sggments,but might also have somepastsegments).Although currently
the arraysfor the usedPLFunction objectsare recreatedlynamicallyon ary
changethe classis fully preparedor using x ed-sizedarraysin caseof per
formanceproblemswith dynamicmemoryallocation.Thereal functionality of
this classis insidethe methodmergeSynapseResponse , whoseprimary work-
ing is describedn algorithm5, which is animplementatiorof the de nition in
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section3.2 Additionally, the processSimEvent methodis usedfor cleanupto
preventunboundedjrowth of the PLFunction  keptin changes .

public  void mergeSynapseResponse(Object change) {
PLFunction newChange = (PLFunction)  change;
int i =0, ] =0, k =0
boolean changesActive = false, newChangeActive = false;
buffer = new PLFunction(numSegments  + newChange.gradients.length);
while (i < numSegments || j < newChange.gradients.length) {
if ( >= newChange.gradients.length || (i < numSegments &&
(newChange.gradientTimes[j] + getTime())
changes.gradientTimes]i] >
GlobalConstants.DOUBLE_INACCURACY_WINDOW)) {
changesActive = true;
buffer.gradients[k] = changes.gradientsi] +
(newChangeActive  ? newChange.gradients[j-1] o 0);
buffer.gradientTimes[k] = changes.gradientTimes[i];
i++;
}
else if (i >= numSegments || ( < 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] o 0);
buffer.gradientTimes[k] = newChange.gradientTimes][j] + getTime();
jH+;
}
else {
changesActive = newChangeActive = true;
buffer.gradients[k] = changes.gradientsi] +
newChange.gradientsj];
buffer.gradientTimes[k] = changes.gradientTimes][i];
i+
}
k++;
}
numSegments = k;
PLFunction swap = buffer;
buffer = changes;
changes = swap;

signalVariableChange();
}

After the de nition of neededocal variablesand somemaintenanceode not shovn here,
the variant of the mewge-sortalgorithm immediatelybegins. The rst if- branchis entered
when&eraseggmentof theold changes istobecopiedto thenew changeseitherbecaus¢here
areno more newChange segmentsor this segmentstartsbefore(concerningsimulationtime)
thenext sggmentfrom newChange. Thesecondf -branchis enteredvheneerasegmentfrom
newChange is to be copied.Thelastif -branchis enteredvheneerthe segmentsin changes
andnewChange begin at (nearly asde ned by theinaccurag window) the sametime. As can
be seereasily this methodhasa linear time complexity.

After this sorting hasbeencompletedthe newly createdbuffer  functionis swappedto be
available as membervariablechanges anda statechangeeventis sentto all listeners(e.g.
visualizationobjects).For a detaileddescriptionof all conditionsthe readeris referredto the
sourcecode.

Algorithm 5: Merging a synapseesponseavith the currentneuronpotential.
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Threshold Thisclassrepresenta Neuronthresholdlt is abstracanddoesnotimple-
mentary behaior, but just de nestheinterfacethatthe Neuronobjectusesto
interactwith its associatedhreshold.The only abstracimethodsde ned by this
classandneededo beimplementedn overridingclassesre

public  double getCurrentThreshold()

public  double calculateNextFireTime(Potential
potential)

(seealgorithml), butfired (seealgorithm2) shouldalsobe overriddento gain
controloverthebehaior whentheassociatedlleuron objecthas red.

PLThreshold This classimplementsa thresholdwith piecevise linearfunctions,but
is still declaredabstractbecausehe exact shapeof the thresholdin the rela-
tive refractionphaseis not de ned. However, it implementsthe calculationof
thenext ring time by intersectinga piecavise linear potentialanda pieceavise
linear thresholdfunction. The implementednethodcalculateNextFireTime
usesa statemembervariablewith threedifferentstates.quiescentabsolutere-
fractionandrelative refraction.Normally the thresholdis in the quiescentstate
in whichit hasa constanthresholdvalue.Uponinvocationof the methodfired
(whichis calledby theassociate@leuronobjectwhenit emitsa spike event,see
algorithm 2), the absoluterefractionstateis enteredin which no ring is pos-
sible (calculateNextFireTime alwaysreturnsanin nite value).After some
time, the relative refractionstateis entered,n which the thresholdis a piece-
wise linear function that endsafter somemoretime, returningto the quiescent
state;thesestatetransitionsare carriedout using time eventsand the method
processSimEvent
In algorithm 6 the calculationof an intersectionbetweenarbitrary piecavise
linear functions, as de ned in section3.3, is shavn. The implementationof
calculateNextFireTime merely usesthis methodin the quiescent(with a
piecavise linear functionwith onesegment)andrelative refractionstates- the
othercodein calculateNextFireTime is dedicatedo maintenance.

4.3 Network inputs and outputs

In thecurrentsimulationframavork, inputandoutputcornvertersfor thetemporalcod-
ing schemeandaninput corverterfor theratecodingschemenave beenimplemented.
To enableanabstractiorof the coderanddecoderinterfacesfor vectorandmatrix in-
putandoutputhave alsobeende ned. In thefollowing, the network input classewill
bedescribed.
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ThemethodcalculatelntersectionPoint
piecaviselinearfunctions.

calculategheintersectiorbetweertwo arbitrary

protected  double calculatelntersectionPoint(
PLFunction f1, double startValuel, double startTimel, int  numSegments1,
PLFunction 2, double startValue2, double startTime2, int  numSegments2) {
int i1, i2;
double x1 = startValuel, X2 = startValue2, ki, k2, t1, t2,
t, fireTime = 0;
boolean  foundintersectionWithin = false, foundintersectionBefore = false;
PLFunction.FloatIntPair retl = fl.getFinishedSegments(
startValuel, numSegmentsl, getTime() - startTimel, false);
PLFunction.FloatintPair ret2 = f2.getFinishedSegments(
startValue2, numSegments2, getTime() - startTime2, false);
i1 = retli x1 = retlf;
2 = ret2.; X2 = ret2.f;
while (! foundintersectionWithin &&
il < numSegmentsl-1 && i2 < numSegments2-1) {
k1 = fl.gradients[il]; k2 = f2.gradients[i2];
tl = fl.gradientTimes]il] + startTimel;
t2 = f2.gradientTimes]i2] + startTime2;
if (kI !'= k2) {
t = (x1 - x2 - kIl + k2%2) | (k2 - k);
if t <tl | t<t2
foundintersectionBefore = true;
else if (t <= fl.gradientTimes[il+1] I
t <= f2.gradientTimes[i2+1]) {
fireTime =t
foundIntersectionWithin = true;
}
1
if  (fl.gradientTimes[il+1] + startTimel >
f2.gradientTimes[i2+1] + startTime2)
i2++;
else if (fl.gradientTimes[il+1] + startTimel <
f2.gradientTimes|[i2+1] + startTime2)
i1++;
else { il++ 24+ }
}
if  (foundintersectionWithin)
return  fireTime;
else {

if  (foundintersectionBefore)
return  Double.NEGATIVE_INFINITY;
else

return  Double.POSITIVE_INFINITY;

}

After skipping segmentsthat are entirely in the past,this algorithm principally just tries to
calculateanintersectiortime betweereachof thesegmentsn f1 andeachof the segmentsin
f2 . However, sincebothfunctionsaresortedby de nition, it is enougho advancethesggments
in bothfunctionsinsteadof looping over themin nestedoops— thereforethis algorithmalso
featuredinear time complexity. For thosesggmentsthatareintersectedthe exactde nition

from section3.3is used.

After calculatingtheintersectiortime of two segmentstherearejust 3 possibilities:eitherthe
intersectiortime is beforethe scopeof one(or both) of the segmentsit is within the scopeof

bothseggmentsor it is afterthe scopeof one(or both)

of thesegmentsThe rst cases aspecial

one:whenno real intersectionis found, thenthe methodreturn negative in nity , indicating
that the given functionshave an intersectionbeforethe currentsimulationtime. The second
caseis the “normal” casewherethereis anintersectiorbetweenwo future sggments,i.e. an

intersectiorbetweenrnthe givenfunctionswithin their scopelf nointersectioneithercasel or

case?) is founduntil theendof bothgivenfunctions,positive in nity is returned.

Algorithm 6: Calculatingtheintersectiorbetweerpiecavise linearfunctions.
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Figure4.4: Network input corverterclasses.

VectorinputCoder This is an interfacefor delivering a one-dimensionalector of
realnumberedvaluesto the network. It mustbeimplementedoy a classwith a
de ned spike codingschemethe so-calledcoder).It only de nesthe methods

public  void enterVector(double[] vector)
public  NeuronOutput  getOutput(int index)

The methodenterVector  is designatedor usefrom “outside” of the network
to sendreal-numberedectorinput eventsto the network, while getOutput  can

be usedfrom “inside” of the network to obtainaccesgo the spike eventoutputs
of thecoder

MatrixInputCoder This is aninterfacefor delivering a two-dimensionalmatrix of
realnumberedsaluesto the network. It mustbe implementedoy a classwith a
de ned spike codingschemethe so-calledcoder).It only de nesthe methods

public  void enterMatrix(double[][] matrix)
public  NeuronOutput  getOutput(int diml, int dim2)

As with VectorlnputCoder , enterMatrix is for the “outside”, while
getOutput is for the“inside” of the network.
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TemporalCodedInput This classimplementsa spike sourceusingtemporalcoding
by implementingthe interface VectorinputCoder . It is a corverter between
analogvaluesat its input and spike eventsat its output. The codingis doneas
follows: First of all, the numberof inputs (i.e. the length of the input vector)
mustbe equalto the numberof outputs(innerNeuronOutputSupport  classes).
Thus,the analogvectorsubmittedto the classvia the methodenterVector  is
cornvertedto exactly onespike peroutput. The higherthe analoginput numbey
the earlierthe spike on the associate@utputwill be red. Thereforethe output
associatedo the analoginput with the highestvaluewill re immediately the
otheroutputswill re later, determinedy theformulade nedin section3.4(see
algorithm?7).

This classcanoptionally usea referenceoutputthat res atthelatesttime, thus
representinghe analoginput value 0 and markingthe end of the spike series
emittedby this class.

Theimplementatiorof enterVector  in TemporalCodedinput  computessinglespike events
for eachoutputdependingnthegivenrealnumberedrector

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

maxValue = vector i];

if (reference = null)
reference.fireln(multiplicator * maxValue);
for (int i=0; i<vector.length; i++) |
if  (vectorfi] = Double.NEGATIVE_INFINITY)
((Output)  outputs.get(i)).fireIn(multiplicator *

(maxValue - vector(i]));

}

As de ned in section3.4, the spike ring timesdependon the maximumvaluethatis present
in theinputvector After nding the maximum the spike timesarecomputedaccordingo that
formulaandthe ring of therespectie outputspikesis scheduledFurthermoreif areference
outputis used,it is scheduledo re atthetimethatmarksaninputvalueof 0.

Algorithm 7: Temporalcodingof aninputvectot

RateCodedInputSingle This classimplementsa single spike sourceusingrate cod-
ing. It is aconverterbetweerarealnumberedralueatits inputandspike events
atits output.The codingis doneasfollows: the methodgetRate andsetRate
canbe usedto setthe ring rateof the currentinput, which continuouslygen-
eratesspike eventswith the computedinterval (seealgorithm 8). The rateis
computedasde nedin section3.4.

RateCodedInputVector This classimplementsa spike sourceusingrate coding. It
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Firing spike eventscontinuouslycanbe doneby usingtime eventsandregeneratingnew time
eventswhenthey aretriggered.ThereforahemethodprocessSimEvent , whichis calledwhen
time eventsaretriggered,s responsibldor sendingratecodedspike events.
public  void processSimEvent(SimEvent e) {
fireSpikeEvent();
if (rate = 0.0) {
double nextTime =1/ rate;
activateln(nextTime);

}
}

Eachtime a time eventis triggered,the accordingspike eventis immediately red, followed
by schedulinga new time event (dependenbn the currentlyset ring rate)for ring the next
spike event.

Algorithm 8: Ratecodingof aninput vector

doesfor avectorwhatRateCodedInputSingle doesfor asinglerealnumbered
value.In fact,it usesRateCodedIinputSingle objectsfor doingtherealcompu-
tationwhenreceving aninput vector This classimplementsVectorinput , as
doesTemporalCodedinput . Therefore thesecodingschemeshouldbe easily
interchangeable.

Imagelnput This classreadsan imageand corvertsit to eithera one-dimensional

vector of dimensionheight width or a two-dimensionalmatrix of dimension
(heiglt; width). For feedinga one-dimensionabectorto the network, this class
usesthe interfaceVectorlnput ; for feedinga two-dimensionamatrix, it uses
Matrixlnput . Objectsimplementingtheseinterfaceshave to be given to the
constructowheninitializing. To starttherealinput, readingtheimageandgen-
eratingthe vectoror matrix, themethodstartinput ~ needdo becalled.

This classneedghe JAlI (Java Advancedmaging)library.

RandomSpikeSource This classimplementsa randomspike sourcewith a con g-
urable maximuminterval betweentwo emitted spikes. After beinginitialized
with init , it just res spike eventsat randomintenals[0; maxTim¢. Therefore
it canbe usedfor conductingexperimentson noisestability.

In orderto beableto interpretthe outputsof an SNN, outputcorvertersneedto beim-

plementedthesecorvertersclearlydependnthespike codingschemaisedinsidethe
network andthe desiredoutputcoding.To make themas e xible asinput converters,
interfaceshave alsobeende ned for abstractingrom the spike codingschemeln the
following, the currentlyimplementedutputcorverterswill be described.

VectorOutputListener This interfacemustbe implementedoy objectsthat want to
receve the real numberedpne-dimensionavectorscomputedby the network.
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Figure4.5: Network outputcorverterclasses.

The objectrecevesaneventwhene&er anoutputcycle is completeandthe real
numberedutputvalueshave beencomputedtheseoutputeventsaregenerated
by somespike decoderTheonly methodde ned by this interfaceis

public  void outputEvent(double[] vector)

MatrixOutputListener This interfacemustbe implementedoy objectsthatwantto
receve therealnumberedfwo-dimensionamatricescomputedoy the network.
As in VectorOutputListener , theonly de ned methodis

public  void outputEvent(double[][] matrix)
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TemporalCodedOutput This classis a corverter 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 receved by objectsof an anorymous
inner classimplementingNeuroninput . Theseobjectswill, uponreceiptof a
spike event,recordthereceptiontime andnotify the TemporalCodedOuput  ob-
ject. Whentheoutputcycleis completej.e. eithereachinput objecthasreceved
aspike, thecycle time hasendedor thereferencenput hasreceveda spike, the
objecttriggersitself to decodethe spike timing andsendthe outputevent (see
algorithm9)

For decodingemporallycodedspike events,it is againthemethodprocessSimEvent  in which
the computationtakes place.lt is calledwhenthe outputcycle hasbeencompletedand per
formsthe computatiorof the realnumberedutputvector

public  void processSimEvent(SimEvent e) {
double outVector(] = new double[inputs.size()];
for (int i=0; i<inputs.size(); it+) |
Input inp = (Input)  inputs.get(i);
if  (inp.hasReceivedSpike()) {
outVectorfi] = (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 generatedisingtheformulade nedin section3.4andis simply sentto all
registeredistenerghatimplementthe VectorOutputListener interface.

Algorithm 9: Temporaldecodingof anoutputvector

OutputFilter This classis a decoratorfor outputlisteners,enablingthe ltering of
outputevents:

Firstof all, it canpassonly the rst eventand Iter outall subsequendnes.

Secondlyeventscanbeforwardedwhenthey have reachednequilibrium,
i.e.they do not changeanymorewithin a certainerrorrange.

The constructor initializes the Iter. 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 receved event is within a certain, de-
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ned magin. E.g. whenwaitForEquilibrium andforwardMultipleEvents
arebothtrue , thenthe lter discardsall eventsthatchangetoo muchandfor-
wardsthe rst onethathasa small difference(asgiven by maxSquareError ).
After thisforwarding,the Iter resetsandwaitsfor the next equilibrium.

The"error", i.e. thedifferencebetweertwo recevedevents,is calculatedasthe
squaredlifferencebetweerthevectorsor matricesWhentheerroris below the
given maxSquareError , thenthe stateis regardedas being an equilibrium. It
is importantto notethatthe erroris divided by the numberof elementsn the
vectoror matrix for normalization.

ImageOutput This classreceves vector or matrix output eventsfrom somespike
decodelandtransformghevaluesinto animage ,whichis immediatelysaredin
the le givento theconstructorlt alsoneedsheJAl library.

All of the describedhetwork input and outputclassedorm a frameavork that canbe
usedfor mary purposesandwhich canbe extendedeasily Due to the useof abstract
interfaces the inner spike coding schemesre easilyinterchangeablelleviating re-
searchon differentschemes.

4.4 Learning

In the context of SNNSs, therearecurrentlysupervisedaswell asunsupervisedearn-
ing methodsmentionedn variouspapersseesection3.5). SNNsare,in the opinion
of the author naturallyaimedat unsupervisedearningmethods Although the emu-
lation of typical supervisedearningalgorithmssuchasthe backtrackingalgorithmis
possiblewithin thesenetworks, it doesnotseembene cial to usesuchalgorithms.For
solving problemswith backtrackinglearning,ANNs will currently offer fastercon-
vergence However, SNNs— especiallyin combinationwith discreteeventsimulation
— allow more dynamicsin the learningprocessg.g. by makingthe creationandre-
moval of synapsesimpleandstraight-forvard (alsoreferto section6.2). Otherways
of determiningnetwork parametersuchasit is donefor Hop eld networks canbe
implementedvithoutlearningduringthe simulation(referto section5.3).
Therefore,in the currentsimulationframework, thereis no supportfor supervised
learningalgorithms;it could be addedeasily by introducingglobal learningobjects
with accesdo all Synapse objectsin the simulation.On the contrary unsupervised
learningmethodscanmostlybeimplementedvith locally availableinformation.In the
following, theapproachakenin thisdiplomathesiswill bedescribedSincelearningis
mostlydonefor synapticparametergheclassSynapse allowstwo waysto implement
speci c learningalgorithms:
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1. By overridingSynapse orasubclasshereofthemethodpostNeuronFired  can
be overridden.In this method,learningon solely locally availableinformation
(i.e. all synapticparametersthe time of the last pre-synapticspike event and
thetime of thelastpost-synapticring) canbedoneeachtime the post-synaptic
Neuron object res aspike event.

2. By creatinganobjectthatimplementgheinterfaceSynapse.LearningMethod
andregisteringit with every Synapse objectthatshouldusethislearningbehar-
ior. Thisobjectcan,dependingpnthespeci c implementationhave accesso as
muchinformationasneededor thelearningalgorithm(for a shortdiscussiorof
globalvs. locallearningreferto section6.4).

Although Synapse can,by de nition, not exhibit ary supportfor the rst possibility,
thesecondneis supportedy theinnerinterfaceSynapse.LearningMethod andthe
defaultimplementatiorof postNeuronFired

Synapse.LeaningMethod Thisinterfaceis usedfor externallearningalgorithmsthat
arenon-localto the Synapse 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, sincetheabstractlass
Synapse doesnot de ne ary synapticparametersthe usedLearningMethod
objectwill dependntheoverridingclass.

For usageof this interfacethe readers referredto the examplesimulationdescribed
in section5.4. The mainreasorfor implementingan abstracinterfaceis the e xibil-
ity thatis offeredby this approachSinceJava doesnot supportmultiple inheritance,
overriding Synapse for implementinglearningalgorithmsin postNeuronFired  can-
not be donein areusablevay — e.g.it would be impossibleto usethe samelearning
algorithmfor ConstantPLSynapse  objectsandPLSynapse objectswith differentre-
sponsefunction shapeswithout having duplicatecode.On the other hand,learning
algorithmscontainedn objectswhich implementSynapse.LearningMethod canbe
usedfor arbitraryclasseslervedfrom Synapse . Evenif this approachs at compile-
time not type-safefor the input parametesender , run-timetype information(RTTI)
canbeusedto ensureat leastrun-timesafety— asit is donein the examplesimulation
describedn section5.4.
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Figure4.6: Classediandlingthe visualizationof simulationparts.

4.5 Visualization

Visualizationis performedusingJava Swing componentgto displaythe trajectories)
andinternaleventsaswell asstatechangeavents(to communicatehangesn simula-
tion states).

ScrollingView Thisclassmplementsahorizontallyscrollingview for 2D trajectories.
Theview usesworld coordinatesn a virtual window, de ned by minimumand
maximumvalues,which are mappedto graphicscoordinatesn the resizable
simulationwindow. It canalsosynchronizewith otherScrollingView  objects
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sothatmultiple views alwaysshawv the samesimulationtime-frame.

ViewSynchronizer Thisclasgs ableto synchronizenultiple ScrollingView — objects
sothatthey alwaysshowv the samecurrentsimulationtime.

SpikeView This classimplementsa scrolling spike view where spikes are simply
drawvn asverticallines markingthe simulationtime pointswhenthe spikesoc-
curred.It candirectly receve spike events(by implementingNeuronlnput ) and
will alsorecordthosespike eventsfor drawving andlogging.

PLNeuroninternalView Thisclassmplementsaview for thepotentialandthreshold
functionsof aNeuron , thusits internalstateslit listensto statechangesventsof
Potential  andThreshold objectsandkeepsa compactjnternalhistoryof the
paststatesasfarasneeded.

Thesevisualizationclassesot only displaythe spike and statetrajectoriesbut also
shav the e xibility of the simulationframenork. To allow this powerful simulation,
no changedo the core simulationclassesvere neededat all; instead the visualiza-
tion classesare only registeredas additionalevent listeners.In the sameway, more
visualization Joggingor statisticalcomponentgouldbe addedeasily
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Chapter 5

Experimental Results

In thischapterafew experimentatesultsobtainedoy simulationsaredescribedAll of
thesesimulationswverecreatedusingthe framevork describedn the previouschapter
Sincethesimulationframework is basecbn MOSAIC, thebasicstructureof simulation
applicationsalso stemsfrom this. Therefore,all simulationapplicationshave to be
derived from SimApplication andincludea componenterived from ModelPanel .
This panelwill thencontainall of the simulationcomponentsincluding Neuron and
Synapse objectswhicharenormallynotvisible, andvisualizationcomponents.

In the following sectionsthe basictopologiesusedin the simulatedSNNsareshavn
andthebasicbehaiors of the differentsimulationexperimentsareexplained.A com-
parisonwith simulationresultsfrom the GENESISsimulator (confer section2.2.3
canonly be givenfor the rst simulationexamplebecauseano existing, freely avail-
able GENESISsimulationsof the other network typescould be found; creatingthe
examplesn GENESISwould have beenoutsidethe scopeof this diplomathesis.

5.1 Simplerecurrent network

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

Figure5.1: Topologyof a simulationof a simplerecurrentinetwork actingasan oscil-
lator.

67
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(@)Cell1 (b) Cell 2
Figure5.2: GENESISsimulationresultsof the simplerecurrenmnetwork.

(fusr/sharel/genesis/Scripts/ on a DebianGNU/Linux system)as MultiCell
anddescribedy theauthorof thatsimulationasfollows:

Thisis a simulationof two simpli ed, but realisticneuonsin a feedbak

con guration. Ead cell is composeaf two compartmentsorresponding
to a somaanda dendrite Each compartmenis composeaf two variable

conductancéonic channelsfor sodium(Na) and potassium(K). Theden-

dritic channelsare synapticallyactivatedwhile the somaticchannelsare

voltage dependentvith Hodgkin-Huxlg kinetics.

Thereis alsoamoredetaileddescriptiorof thesimulationmodelavailablein thedocu-
mentationfor detailsthereadeiis referredto the le MultiCell.doc . Fig.5.1shovs
theprincipaltopologyof the model,with two neuronseingfully connectedn afeed-
backloop. In thiscon guration,the synapticdelaysareof utterimportanceor system
stability; without thesedelaysthe neuronpotentialswould quickly diverge to in nite
values.Theresultsof the GENESISsimulationof this biologically realisticmodelare
shavnin Fig. 5.2 As canbeseenthewholenetwork formsanoscillatorin which both
neurongperiodically re two temporallyclosespikes.Cell 1 res at somesmalltime
beforecell 2 andthe durationof the oscillationperiodis muchlongerthanthe time
betweerthedual,adjacenspikes.

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



5.1. SIMPLE RECURRENT NETWORK

69

Figure5.3: Discreteeventsimulationresultsof the simplerecurrentnetwork.

To achieve comparablesimulationresults,carefulparametetuning wasrequiredbe-
causecurrentlythereis norule for derving theparametersf thepieceviselinearsim-
ulation modelfrom the parametersn the compartmentaimodel. Moreover, it turned
outthatthevaluesof thedelayof the rst synapsdfrom cell 1 to cell 2) andtheweight
of the secondsynapsdfrom cell 2 to cell 1) werecritical for the stability of the over-
all simulation.Thereforeit might be aguedthatan SNN simulatedusingthe model
describedn chapter3 is not stablewith regardto its simulationparameter$PicO0H.
It might or might not be stablewith regardto its input valueswhenthe simulationpa-
rametersarechoserappropriately- astherearenoinputvalues this stability criterion
is notapplicableto the presenexample.

Neverthelesst waspossibleto achieve comparableesultsin the ring patternof both
neuronsFig. 5.3shavsthe ring patternof the simulation.As canbeseenthe ring
patternof the GENESISsimulationis reproducecdclosely enoughto prove that for
simulatingthis simple example,the abstractionsand simpli cations in the discrete
eventmodeldo notin uence thequalitative propertieof thenetwork. It would alsobe
possibleto emulatethe ring behaior morecloselyby changingthe synapticdelays,
but this doesnot in uence the qualitatve results;currently the delay of the synapse
from cell 2 to cell 1 is about5 timeshigherthanthe delayof the synapsdrom cell 1
to cell 2.
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Figure5.4: Topologyof a simulationof a Cuneate-BaseNetwork.

5.2 Cuneate-Based\etwork

This examplesimulationimplementsa Cuneate-Basellletwork(CBN) asdescribed
in [SBMCO01] and[SMBO01]. A CBN modelsthe cuneatenucleuswhich is a part of
the sensorysystemin the brain stem.It is capableof spatialandtemporal ltering of
spiketrains,i.e. it hasedge-detectdik e capabilitiesfor amplifying the“edges”in the
input signal,candetectthe “strongest”of thoseedgesandwill furthermoresuppress
signalsthatdo not changeover time. The basiccodingschemeof this network typeis
ratecoding;thereforethis simulationshavs thatthe simulationframenork is capable
of computationsn this codingscheme.

Thetopologyof aCBN, asshovnin Fig. 5.4, is composeaf two interconnectethyers
of neuronsthe rst layeris acompetitve layerto whichtheinputsareconnectedising
restrictednputwindowsfor eachcompetitve neuron(in theexampletheinputwindow
hasa sizeof 3) andthe secondayerimplementsanterneuronsObviously, the number
of interneurongorresponds$o the numberof competitve neuronsastheinterneurons
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form afeedbackcon gurationwith the competitve neurons.
All of theabore mentionedreaturesof a CBN canbe explainedby this specialtopol-

ogy:

edgedetectionThe edge-detectiors performedby the neuronsgn the compet-
itive layer using the given input window and appropriatelychosenweightsof
therespectre synapsesin the examplesimulation,a variationof the laplacian
andsobeledgeextractoroperator§Cas99 hasbeenchoserfor computingthose
weights.

spatial ltering: Dueto theinhibitive lateralconnectiongn thecompetitive layer,
only thoseneuronsthat detectthe “strongest’edgeswill actually re; this be-
havior is comparabldo the implementatiorof the winnertakes-allprinciple of
SOM networksin SNNs(referto section5.4). However, in the currentsimula-
tion of a CBN, only arestrictednumberof competitve neighborss connected
insteadof thewhole competitve layerbeingfully connected.

temporal Itering: Finally, the interneuronswith their inhibitive feedbackcon-
guration form a kind of temporal ltering which is ableto extract temporal
changesn the input signal.lIt is importantto notethatthis temporal lter does
not preventthe competitve neurondrom ring but only lowerstheir ring rate
wheneer their ring patternis stable,i.e. the rate-codednput signaldoesnot
changeovertime. Thus,a stable Jow output ring rateof the CBN canbe con-
sideredo notcarryary relevant,new information.

For a more detaileddescriptionof the network features,the readeris referredto
[SBMCO0]] and[SMBO1].

In Fig. 5.5 5.6 and5.7 thediscreteeventsimulationof a CBN is shavn, whichis im-
plementedn the classmosaic.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 shawv the inputs of the
network, which aresimply ratecodedwith a constanfrequeng; inputs0 to 2 (labeled
spikeview inputO to spikeview input?) have a frequeng of 0:1 spikes per simulation
unit (spu, 3 to 5 (labeledspikeview input3 to spikeview inputH a frequeng of 0:2
spuand6 to 8 (labeledspikeview input6 to spikeview input8 a frequeny of 1:0 spu.
Thereforethereis one“edge”betweerinput2 and3 andanothetbetweerb and6 with
thelastonebeing“stronger”. Thelast7 views (labeledspikeview outputOto spikeview
output§ shav the outputsof the network in variousphasesof the computation.In
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Figure5.5: Discreteeventsimulationresultsof a CBN —initial phase.

Figure5.6: Discreteeventsimulationresultsof a CBN — intermittentphase.
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Figure5.7: Discreteeventsimulationresultsof a CBN — equilibriumphase.

Fig. 5.5theinitial phaseof the network is shavn directly afterapplyingtheinput. As
canbe seenthe network immediatelyreactsas an edgeextractor with only outputs
1 and5 (thosedetectingthe edges)eingactive. Due to the network alsoactingasa
spatial Iter, the outputswhich arecloseto 1 and5 arepreventedfrom ring. Output
5 shavs moreactvity thanoutputl becausef the higherinput ring rates— but the
distancastoolargeto becoveredby therestrictedwidth of thecompetitve eld. After
this initial phase the interneuronsstartin uencing the network, causingthe output
patternto uctuate (seeFig. 5.6). However, sincethe input patterndoesnot change
overtime, the network settlesdown anda stablepatternemeges(seeFig. 5.7).

The presentesxampleshavs how well discreteevent simulationof SNNsis ableto
reproducdhe behaior of a biologically inspired,reasonablicomplex network utiliz-
ing not only a feed-forward modelwith synapseaveightsbut also synapticdelaysas
computationaklements.

5.3 Hop eld network

In this simulation example,a Hop eld network with gradedresponsgHop84 is
emulatedby a SNN as describedin [MN97]. For the internal representatiorof
neuron input and output values, temporal coding is used (refer to section 3.4)
— thereforethe temporalinput coderis usedfor 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 a simulationof aHop eld network.

Trainingpattern0 ht; 0;0;0; 0; 0; 0; 0; O; 1i

Training patternl h0; 1;0;0;0;0;0; 0; 1; 0

Training pattern2 H0; 0; 1, 0; 0; 0; 0; 1; O; Oi

Training pattern3 H0; 0; 0; 1; 0; 0; 1, O; O; Oi

Trainingpattern4 h0; 0;0;0; 1;1;0; 0; 0; Oi
Inputpattern | h0:7;0:3;0:2; NF; NF; NF; NF; NF; 0:1; 0:3i

Table5.1: Trainingandinput patterndor theHop eld network simulation.

mosaic.sim.neuron.simulations.Hopfield andcanberunby calling

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

In the Hop eld network model,all neuronghattake partin the computatiorarefully
connectedo eachother Fig. 5.8 shavs how eachneuronis connectedo all others
andrecevesexactly oneinputfrom outsidethe network. Theinput classesrepartsof
a singleinput coder— in this casean objectof classTemporalinputCoder  (referto
sectiond.3) — andthereforeprovide consistentnput from a realnumberedrectorthat
is given from the outsideof the network. As de ned in the codingschemethe ring
times of single spike eventssentby the inputsto the neuronsin the computational
layerencodethe valuesof theinputvector As the network is inherentlyrecurrentthe
computatiorstartedby input spike eventswill runin nitely; theoutputof thenetwork
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Figure5.9: Discreteeventsimulationresultsof aHop eld network —initial phase.

is thereforede ned asthe stablestateshatthe neuronsconverge to. With SNNs, this
correspondso astable repetitve ring patternof theneuronsFor detectingf a ring
patternis stable the classOutputFilter canbeused.

In the currentprototypeimplementationthereis a x ed setof training patternsfor

computingthe weights(seetable5.1) in the initialization phase.Thena single,also
x edinput pattern,which is a mixture of the rst two input patternswith somenoise
addedjs givenasinputto startthenetwork computatior{seetable5.1; NF meansion-
ring , i.e.thecorrespondingnputneuronwill not re atall). As canbeseentheinput
patternsareorthogonalo eachotherandshouldthereforeform a very stablebasefor

x-points in theweightset.Theinputasshavn in table5.1clearlyshavsanaf nity to

the rst trainingpatternandshouldthereforecausethe network to corvergeto a stable
outputof training patternQ.

In Fig. 5.9theinput spike patternis shavn in views Inputviev 0 to Inputviev 9. Cur-

rently theemenging, stable ring patternshavn in Fig. 5.10is only basednthelarge
synapticdelaysandnot on the behaior thatis expectedrom aHop eld typenetwork
—to cornvergeto a stableoutputpatternthatresemble®neof thetraining patterns At

thetime of thiswriting, it is unknavn to theauthorwhy thenetwork doesnotshaw the
expectedbehaior sincethe instructionsavailablein [MN97] and[MN98] have been
followedduringcreatingthesimulation.However, in futurework it mightbebene cial

to contactthe authorsof thosepapersandclarify ary problemsin implementingthe
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Figure 5.10: Discreteevent simulationresultsof a Hop eld network — equilibrium
phase.

theoreticakonceptsn speci ¢ simulations.

5.4 SelfOrganizing Map

This exampleis a simulationof a Self OrganizingMap (SOM) asintroducedby Koho-
nen[Koh93, butasa SNNin temporakoding.Temporakodinghas-in thiscase-the
enormousadwantagethatthewinnerneuronin the competitve layercanbe computed
fastandlocally. Other SOM simulationswith SNNsthat usethe rate codingscheme
dependnthe ring rateof thecompetitve neurondor determininghewinnerneuron
in eachtraining cycle. However, this impliesthatthe globallearningalgorithmhasto
wait until eachneuronhas red afew timesfor calculatingthe ring rate.Therefore,
temporalcodingofferssigni cant advantagesn this application.

The simulationis implementedn the classmosaic.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 a simulationof a Self OrganizingMap network.

The underlyingmodelusesthe standardSOM topology which is shovn in Fig. 5.11
As canbe seenthereis alayer of competitve neuronswhich arefully connectedo
eachothervia inhibitive lateralconnection@andfully connectedo theinputlayervia
adaptve synapsegthat are subjectto learning).Synapticdelaysare not usedin this
network model,only theweightsareparametersf the network. Althoughtheweights
in theinhibitive lateralconnectionarealsochangediuringthelearningprocessthey
are just decreaseasthe learningprocessadwances.The calculationof theselateral
weightsaswell asthelearningrule for theweightsof theinput synapsesredescribed
in [Ruf98, chapter7 andsectionll.1];anadaptedearningruleis citedin section3.5.
Basically this simulationcanbedividedinto two phases:

1. Initialization phaseFirstof all, thesimulationtriesto loadatrainingsetthathas
beenusedin apreviousrun.If it nds a le calledSOM_training_set.dat , it
will loadtheinputvectorsusedfor trainingfrom this le. If this le doesnotex-
ist, anew setof trainingvectorsis randomlygeneratedAs describedn [Ruf9g],
thesizeof thetrainingset— composeaf one-dimensionahput patterns-is 10
andthe patternvaluesareuniformly distributedover[0:1; 0:9].
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After the training sethasbeeninitialized, the synapticweightsare set: For the
input weights (the synapsesonnectingthe input layer with the competitve
layer), the meanvaluesof the training setare used,randomnoisein [ 1;1]
is addedto eachvalue and the weight vectorsfor each competitve neuron
are normalizedto a constantvaluel . As with the input vectors,the simula-
tion tries to locatea le namedSOM_computed weights.dat  to load previ-
ously computedweightsfrom. In contrast,the lateral weights are initialized
aswij = 2 0:25 mgj=mMmax , Wheremg; are the elementsfrom the so-
called neighborhoodmatrix and mm_ax is the largestelementof the neighbor
hoodmatrix. The neighborhoodnatrixis de ned asmy;j = jk jj, resultingin
Mmax= N 1 whereN is the numberof competitve neurons.Comparableo
the handlingof input vectorsandinput weights,the lateralweightsare stored
alongsidethe learningratein a le namedSOM_learning_parameters.dat
Thisway, thesimulationcanberestartedafterit hasbeenstopped.
Thereforetheinputweights,which aresubjectto learningin thenext phaseget
initialized with nearly equalvaluesfor all competitve neuronsbut with some
randomnoise(which is importantfor the learningalgorithmto work) while the
lateralweights,which areonly decreaseduring the learningphaseareinitial-
izedwith strictly deterministicvaluesthatform the neighborhood.

. Learningphasen this phasethe network is constantlyfed with input vectors

from the training setandthe learningrule is appliedin eachtraining cycle. To
startthe training cycles,time eventsare usedagain, but on a higherlevel than
for schedulingspike events. Therefore,the training cycle is performedin the
methodprocessSimEvent , whichis responsibléor handlingtime events.Each
time this methodis calledby the MOSAIC framework, the neuronsn thecom-
petitive layer are reset,the learningrate and the lateral synapticweights (the
neighborhoodaredecreasednda randominput vectorfrom thetraining setis
fedinto theinput coder

Theinputcoderwill thengeneratespike eventsaccordingo thevaluesin thein-
put vectorandsendtheseeventsto the competitve neurons Assumingthatthe
input weightshave beenproperlyinitialized, therewill always re atleastone
neuronin thecompetitve layer Whenaneuronin thecompetitve layer res due
to theincomingspike events,it will in uence all othersvia theinhibitive lateral
synapsegjelayingtheir ring with its own spike. Thereforethe ring of the rst

neurontheso-calledwinnerneuronwill delayor possiblypreventthe ring of
theotherneuronsdependentn the sizeof theneighborhoodi.e. the weightsof
thelateralsynapses).

For eachneuronwhich res, alearningmethodis appliedto all connectednput
synapsesit the time of the ring (referto section4.4 for detailson how thisis
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supportedoy the simulationframavork). In the SOM examplesimulation,one
global objectis usedfor implementingthe learningalgorithm. This objectim-
plementgheinterfaceSynapse.LearningMethod ~ andcanthereforechangehe
synapticparametersf the calling synapsen its methodchangeParameters  —
thecurrentimplementatiorchange®nly theweightsbecaussynapticdelaysare
notusedin the SOM simulation.For computingthe changeof the weightvalue,
theadaptedearningrule statedn section3.5is used but with afew changedo
uselocally availableinformation:the weightw of a calling synapses changed
byDw=h (Tou t)=Tou (S W) whereh isthecurrentgloballearningrate,t
Is thecurrentsimulationtime (i.e. thetime whenthe post-synaptiomeuronred),
Tou is sometime in thefuturewhenall neuronsareguaranteedb have red and
sis thevaluethatthe pre-synaptianput neuronrepresented.e. the respectre
inputvalue).Only thevaluesh andTyy areglobal,all othersincludings, which
canbe derived from the time the pre-synaptimeuron red, are obtainedfrom
locally availableinformation. Therefore a learningalgorithmthat reliessolely
oninformationthatis availablelocally at eachsynapseamight be constructedn
thefuture—the currentalgorithmis a stepin thatdirection.

To achieve the expectedresults,carefulandlong parametetuning was necessarylt
turnedout thatthe ratesfor decreasinghe learningrateandneighborhoodaswell as
the startingvaluesfor the lateralweights(forming the neighborhoodjverecritical for
the overall performanceln contrastthe parameterén the learningrule for changing
theinputweightsdid not seento have suchamajorin uence — maybetherangefrom
whichthey canbe choserfrom is largerthanthoseof the neighborhoogarameters.
With the currentparametewvalues,the simulationshavs the expectedbehaior: the
competitve neuronsspecializeon speci ¢ input patternsandafterenoughtraining cy-
clesthe inhibitive lateral connectiongrevent neuronsotherthan the winner neuron
from ring. In thesimulationsourcecode the parameterarede ned asconstantand
canthereforebe examinedandchangedrery easily Fig. 5.12shawvs that,beforetrain-
ing is conductedthe neurongeactstronglyto therandominput patternwith all of the
competitve neuronsring atsometime. As describedn [Ruf98, chapter7 andsection
11.1], about4000training cycles, with onerandominput patternper training cycle,
werenecessaryon a standarddesktopworkstationwith an AMD Athlon 1700+CPU
it took about4000secondgo computetheselearningcycles,so that on averageone
learningcycle canbe donein onesecondHowever, the rst 100learningcyclestook
over 250 secondsandlater cyclessigni cantly less;thisis a directconsequencéom
usingdiscreteevent simulation.Due to the inhibitive lateral connectionspthercom-
petitive neuronsarepreventedfrom ring in thelaterstagesf thetraining. Therefore
thoseneuronghatdo not re arymoredo not needto betakeninto accountallowing
the training cyclesto be handledfaster Fig. 5.13 shawvs the network behaior after
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Figure5.12:Discreteeventsimulationresultsof a SOM network — beforetraining.

Figure5.13:Discreteeventsimulationresultsof a SOM network — aftertraining.
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about4000trainingcycles—onecycleis de ned betweerntwo adjacenteferencenput
spikes, paintedin greenin the simulationwindow. As canbe seen,now only oneor
very few neurongespondo a giveninput patternwhich s the expectedoehaior.

5.5 Comparisons

Sincethe naew discreteeventmodelfor simulatingSNNsusesa differentapproachn
simulationthanthe currentlyusedmodels,its characteristicenight be quite different.
Onecharacteristigs obviously sharedwith the underlyingtechniqueof discreteevent
simulation:thattherunningtimeis dependenvntheactvity of thesystenrespectrely
ontheactvity of partsof thesystem.

CurrentSNN simulationtools normally baseon continuoussimulation. This means
that the stateof every neuronand every synapsen the neuralnetwork needsto be
computedat certainsimulationtime steps(which normally have a x ed width), in-
dependenthof their currentactiity. Althoughthe conceptis very well suitedfor bi-
ologically realisticsimulationsandis straight-forvard to implement,it might not be
the besttechniquefor simulatinglarge networks whenfocusingprimarily on compu-
tation. Thereasons thatlarge networks areexpectedo have lessconcurrentlyactve
neuronsthusin principle enablinggoodscalability However, dueto the natureof the
computationaimodel, continuoussimulationcan, when not beingimplementedn a

highly optimizedway, only scalelinearly with the numberof neuronsand synapses.

This leadsto the tremendousdwantagethat for SNNsthat have a low percentagef
concurrentlyactive neuronsa signi cant simulationspeed-upganbe expectedwhen
usingdiscretesventsimulationinsteadof continuoussimulation.This canbeachiesed
while still computingtheneuronpotentialsasaccuratelyaspossiblg(only restrictedby
theaccurag of theunderlyingcomputerarchitectureandprogrammingervironment).
Currentlythe examplesimulationsdescribedn the above sectionsdo not allow a di-
rect comparisonwith continuoussimulation,mainly becausdahey were createdes-
pecially for testing and verifying the developed simulation framevork (see chap-
ter 4); simulationswith a de ned input and output setand a clearly de ned prob-
lem still needto be created.Therefore,one of the main goalsof future work should
be to rigorously comparethe characteristic®f both simulationmodelsqualitatively
as well as quantitatvely. For representingcontinuoussimulation, the freely avail-
able GENESISsimulator[BB94] will be used.Currentlymary scienti ¢ groupsuse
speci ¢ simulationprogramswritten especiallyfor the respectre focus of research
[Ruf98, SM01, MN97, QCO01, CBGO1. Thereareonly afew standardimulationtools
thatare generalenoughto be usedin differentsimulationsituations.One of themis
GENESIS a simulationtool developedat the University of Berkeley, Californiaand
usedby neuro-biologistaswell ascomputerscientistdor conductingresearcton bi-
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ologically realisticneuralnetworks. Sinceits maingoalis to be biologically realistic,
neuronsandsynapsesiretypically modeledwith numeroussompartmentandsimu-
lated accordingto the Hodgkin-Huxley equationgreferto section2.2.3. GENESIS
seemgo beagoodrepresentatie for simulationtoolsusingcontinuoussimulationbe-
causat is widely usedandacceptedFor representinghe techniqueof discreteevent
simulation,the simulationframewvork developedin this diplomathesisshouldbe ex-
tendedand optimizedto suit the needsof conductingthe rigorouscomparison.The
resultingsimulationsystemshouldalsobe general beinga discreteevent simulation
pendanto GENESIS

Therefore simulationresultsobtainedwith GENESISshouldbe comparedo simula-
tion resultsobtainedwith the createdsimulationsystem:

For qualitatve comparisonthe computationakcharacteristicof the simulated
SNNswill be the determinatre factor sincethis diplomathesisand possible
future work mainly focus on making SNNs more usablein practicaltechnical
applicationsThesecomputationatharacteristicenightinvolve the ability to do
spatio-temporalltering, to reproducesometrainedpatternsor to classify pat-
terns.A sub-goalwill beto speci cally selectsomenetwork typesandapplica-
tionsthatallow sensiblequalitatve comparisons.

For quantitatve comparisonthe simulationspeedwill bethedeterminatie fac-
tor. By modelinga speci ¢ network structureboth in GENESISandthe new
simulationframeavork — presumedhatthe qualitative featuresarecomparable-
the simulationspeedwill be measuredn termsof advancedsimulationtime in
some x edrealtime; a secondmethodwill beto determinethe largestnumber
of neuronsand synapsesn somenetwork structurethat still canbe simulated
in real-time.Thesetwo measuringunits allow a numericalcomparisorof the
differentsimulationtechniques.

Although larger networks are expectedto typically have a lower percentagef
concurrentlyactive neuronsthus allowing large network simulationsto scale
betterthanlinearly, therewill probablybe casesvherecontinuoussimulationis
bettersuitedthan discreteevent simulation. The comparisorof the simulation
techniqueswill allow to make statementsboutthe usability of discreteevent
simulationin differentcasesand applicationdomainsand might allow to give
recommendationsn the useof simulationtechniquegor giventasks.Probably
therewill alsoexist somecritical parameterghatin uence the simulationspeed
of eventsimulatedSNNsdrastically Anothersub-goalof the comparisorwill
beto nd someof thosecritical parameters.

Summarizingt canbe saidthata rigorouscomparisorbetweerncontinuousandevent
basedsimulationof SNNsstill hasto beconductedo fully prove theadwantage®f the
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simulationmodel proposedn this diplomathesis;however, asit hasbeenpresented
in this sectionareasonableomparisorcannotbe doneeasilyandis thereforeoutside
thescopeof this diplomathesis.
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Chapter 6

AdvancedTechniques

In this chaptera few, moreadwancedsimulationtechniquesill be shortly discussed.

Thesetechniquesrecurrentlynot usedor implementedn the simulationframeawork,

but someareatleastpartly supportedy alreadyde nedinterfacesThischaptethere-
fore lists someof the possiblefuture enhancementsr directionsof development;for

few of them,it still hasto be decidedif they areneededo make future simulations
morepowerful or if other differenttechniquesnightbemoreadvantageousdowever,

currentlythe methodsdescribedn the following sectionsseemto offer mary bene-
ts for makingsimulationsfaster more e xible or more powerful. It is importantto

notethatthe rst threetechniquesarecompletelyindependentf eachother makingit

possibleto implementary of themwithoutinterferingwith the othersatall.

6.1 Building blocks

Onepossibility to easethe creationof large, complex SNNsis to constructthem hi-
erarchically:partsof the SNN canbe composef a numberof simplerpartsthatare
connectedo eachothervia clearlyde nedinputsandoutputs.Thesecompositiongan
again form component®f a larger network block themseles,alsohaving de ned in-
putand/ or outputinterfaces.The mainadwantageof building blocks,besidesnaking
it possibleto handlethecompleity of large SNNswith well-known systemtheoretical
methodsjs thatthesebuilding blocksarereusable Suchblocks could be parameter
ized andthus be seenasblack boxes with de ned input and outputbehaior (e.g.a
visual2D Iter modeledafterthe cuneatenucleusn the humanbrain).

As sketchedn Fig. 6.1, aSNN canbecomposeaf differentblocksthatareconnected
via their input andoutputports,with differentcomponentfiandlingdifferentpartsof
thewhole network's inputsandoutputs.However, the samenetwork canalsobe seen
in a hierarchicalview, shaving how the componentdorm a tree structurewith the
network beingthe root. This tree structureresembles holarchy built from holons—
entitiesthat are a whole for themselesanda part of someotherwhole at the same

85
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Figure6.1: Networkscomposedierarchicallyof simpler reusablecomponents.

time (cf. [Pic98 Pic99); the subtledifferencebetweena hierarcly anda holarcly is
thata holarcty doesnot allow theinclusionof partsfrom a higherlevel in partsof a
lower, e.g.amoleculecontainsatomsbut notvice versa.

In the currentsimulationframework, this concepthasbeenusedto build the network
inputandoutputcorvertersasdescribedn section4.3. Thosecorvertersoffer awell-
de ned input or outputinterfaceof the whole SNN, effectively transformingit into a
blackboxto outsidecomponentsAlthoughtheexamplesimulationsvhichimplement
variousnetwork topologies(seechapterb) arecurrentlynot implementedasbuilding
blocksthat canalreadybe integratedinto other SNNs, carehasbeentaken to make
them as generalas possible— most of the parameterghat control the topology and
behaior of the networkshave beenimplementeceitherasparametersr asconstants.
Thusit shouldbe simpleto corvert thoseexamplesimulationsinto parameterizable,
black-boxbuilding blocksassoonasinterfacesfor constructingholarchieshave been
de ned andaresupportedy the simulationframeawork.

6.2 Dynamic topology

Within the currentsimulationframeavork, which is implementedn a clean,object-
orientedmanney thereis the possibility for handlingthe numberof neuronsaswell
asconnectionsi.e. thesynapsesyithin an SNN dynamically Becausef theinherent
eventbasedchatureof thesimulationmodel,neuronsarecompletelyindependenstf the
numberof inputandoutputsynapsesvhich areconnectedo them,evenatrun-time.In
fact, neuronsonly maintaina dynamicallymanagedist of synapse$rom which they
receve input (for providing thosesynapsesvith post-synapticring eventsusedfor
learningpurposesseesection4.4) andto which they shouldsendtheir ring events;
thereis nootherinformationnecessaryandthereforeavailable,in theneuronsBoth of
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thoselists canbe changedeasilyduringrun-time.Of coursejt is alsopossibleto add
andremove whole neuronsduring run-time becausehey canbe connectedo others
onthe y by creatingappropriatesynapses.

Therefore the simulationframewvork lendsitself naturallyto techniquedik e pruning
andgrowing [LDS* 90, PH95, i.e. changingthe network size and connectvity dur

ing learning. Thesetechniquescan now be implementedeasily in speci ¢ learning
algorithms- possiblyevenwithoutweightnormalizatiorwhichis biologically contro-
vertible but usedby somecurrentalgorithms[LOO1].

Taking the ideasfrom the previous sectioninto account,the techniqueof dynamic
connectioncanbe generalizedo work at ary layer of the hierarcly: on the layer of

neuronsandsynapsesq,e. insidea building block, it canbe usedto createandremove

synapseslue to learningrules; on the layer of building blocks, it could be usedto

dynamicallyconnectthe inputsandoutputsof differentbuilding blocksto eachother

e.g.becausef blockswith differentparametereingvaryingly successfuin solving
agivensub-problem.

With the currentsimulationframework, which builds on event simulation,dynamical
interactionbetweersystemcomponentsiuringrun-timebecomegpossibleandcanbe
conductedeasily Thesenew possibilitiesmight well leadto the developmentof new

learningalgorithmsthatsupersedeurrentonesin quality andspeed.

6.3 Parallel simulation

As the simulationof neuralnetworks, especiallyof the morecomplex SNNs,requires
high computationapower to runin realtime evenwith carefuloptimizationsasingle
processomachinemight be too slow to tackle large problems.Although available
processospeedcurrentlyseemgo abideby Moore's Law [Sch97, therewill always
be problemsthataretoo comple for singleprocessomachinesn termsof execution
time or memory consumption.Therefore,at the momentthe only way to approach
suchproblemareasseemso be the useof parallel systemsj.e. systemscomposed
of morethanoneinterconnectegrocessorsin this diplomathesisthe term parallel
simulationis usedto describea simulationrunning on a parallel computersystem.
Parallel simulationputsthe reductionof executiontime in the main point of view as
opposedo connectinggeographicallydispersedsimulations which is referredto by
distributedsimulation

As hasbeenoutlinedin previous chaptersSNNs— asa modelof neuralnetworks —
areparallelin theirinnermosmature.Thereforethey nearlydemandheapplicationof
parallelsimulation.But, andthis couldbe seerasa disadwantageof discreteaventsim-
ulation,a causakhainemegesdueto the eventssentfrom onesimulationcomponent
to the other[ZPKOQ]. To satisfythis causality eventshave to be processedh a strict



88 CHAPTER 6. ADVANCED TECHNIQUES

orderwhichis partly sequentialimposingalimit onthedegreeof possibleparallelism.
With continuoussimulation,causalityis alwayssatis ed whenthe parallelprocessors
runthe simulationwith the samespeedjut with discreteeventsimulation,carehasto
betakento assurecorrectparallelexecution.

In thelasttwo decadesafew approacheso parallelsimulationhave beendeveloped,
which canbe categyorizedasfollows:

conservativelntroducedn thelate1970gCM96, CM81], conservativearallel

discreteeventsimulationprincipally strictly avoids causalityviolations. There-
fore, eventsthatconstitutedependencieBetweerdifferentcomponentsareexe-
cutedin the orderof theirtimestamps.

optimistic In contrastto conserative approachespptimistic parallel discrete
event simulation allows the execution of events that might possibly violate
causality;but it supportsa rollback mechanisnfor annihilatingthe effects of
eventswhich wereexecutedaheadf time andcaused causalityviolation. One
implementatiorof this approachs the Time-Warp algorithm[JS85 JBW* 87].

Basedon these principles, the underlying DEVS simulation system— currently
MOSAIC - couldbe extendedto a paralleldiscreteeventsimulation(PDES)system.
Whentheobject-orientedoncepis followedclosely only minimal changeshouldbe
necessaryo adaptthe currentsimulationframework for utilizing parallelsimulation.
However, modi cations on a higherlevel, namelyon thelevel of speci ¢ simulations,
might becomenecessaryo minimize the dependenciebetweensimulationcompo-
nentsandthereforeachieve a signi cant speed-upn the parallelsimulation. The use
of closed plack-boxbuilding blockswith restrictedsetsof inputandoutputportsmight
helpin achieving low couplingbetweenandhigh coherencen thoseblocks. This as
well asthe useof local learningalgorithms(seenext section)minimizethe dependen
ciesandarethusadwantageous$or ef cient parallelsimulation.

6.4 Local learning

For varioustopologiesof neural networks there exist different learningalgorithms
which are more or lesscapableof tuning the network parametergo achieve a de-
sired behaior. However, mary of themdependon at leastpartially global informa-
tion suchassomeerrorvaluefrom otherlayers(cf. [Zel94, chapter8]) or a “winner”
amongsomegroupof neurong(cf. [Zel94, chapterl5]). Suchlearningtechniquesin
this diplomathesiscalledgloballearning aredisadwantageousecaus®f mainly two
problems:
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It is very dif cult, if notimpossible,to achieve reasonablespeed-updue to

the useof parallel simulationas describedin the previous section;gathering
all the information neededfor learning almostalways requiressynchroniza-
tion betweenthe parallel processorsThereforethe simulation speedthat can

be achieved is drasticallylimited with the learningalgorithmrepresentinghe

bottleneck.

Theuseof suchglobalinformation,whichis not availablelocally atthosecom-
ponentswherelearninghappengnormally the synapsesjs biologically ques-
tionable(agoodsummarycanbefoundin [KKO0O]).

Thereforeit might be much betterto develop local learning algorithmsthat utilize
solely information which is locally available to the componentthatis modi ed by
learning,e.g.thesynapseln thecurrentsimulationframewnork, a PLSynapse object(a
Synapse objectwith piecaviselinearresponséunction)hasthefollowing information
locally available:its own weightanddelayparameterghetime of thelast ring of the
pre-synaptidNeuronobjectandthelast ring time of the post-synaptideuron object
(whichis biologically motivatedby backpropagtingactionpotentials).
Particularlyin the contet of parallelsimulation,local learningalgorithmsmight of-
fer enormousncrease# simulationspeedecaus®f lessinterdependencidsetween
simulationcomponentsT he adaptedversionof a SOM learningalgorithmpresented
in section5.4is a rst approactto atruly local versionof SOM learning.Currentlyit
seemghatunsupervisetearningmethodsaregenerallybettersuitedfor locallearning
becauseupervisednethodsalwaysneedthe desiredoutputvalueor statein addition
to the outputproducedoy the network. This desiredoutputmustbe non-localby de -
nition — it is givenfrom the outsideof the network by some“trainer”.

But thereis alsosomedravbackof local learningalgorithms:They might collide with
the utilization of dynamicsynapsegreferto section6.2). Currentlyit is unknavn to
theauthorif it is possibleto locally determinethe necessityfor creatingor removing
simulationcomponentssuchasneuronsor synapses- this shouldbe a topic of future
research.
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Chapter 7

Conclusionand Outlook

In this diplomathesis,a new modelfor simulatingSNNsef ciently hasbeenintro-
duced bacledby a prototypesimulationframeavork which alreadyimplementst. Af-
ter explaining the currentlyknow theoreticafoundationsn chapter2, the modelhas
beenpresentedn chapter3. The mostimportantaspectwhich differentiateghis new
model from other ones,is the useof discreteevent simulation(cf. section2.3). To
enablethe ef cient simulationby calculatingthe neuron ring timesin advance,the
modelutilizes piecavise linear functions;a formal syntaxfor computingwith piece-
wiselinearfunctionshasbeenintroduced(cf. section3.1) andalgorithmsfor meging
— usedfor calculatingthe effect of a synapseesponsen the post-synapticieurons
potential— aswell asintersectingtwo functions— usedfor calculating ring times—
have beendescribedandimplementedcf. sections3.2 respectrely 3.3). Thesealgo-
rithms form the basisof the implementedorototypesimulationframework; it is built
aroundneuronsandsynapsesvhichcommunicateria internalsystemevents(cf. chap-
ter4). As couldbe seenthebasicstructureof theframewnork is very abstractallowing
mary differentfeaturego beimplementedOnesuchpossibleenhancementould be
to useotherfunction typesin additionto the currently usedpieceavise linear ones—
maybepolynomialor splinebasedunctionsmight be bene cial to solve somegiven
problemsef ciently .

Moreover, afew examplesimulationswere performedto shav the currentfeaturesof
thesimulationframenork (cf. chapters). Startingwith avery simplefeedbacloscilla-
tor con guration,the mainstrengthof the framewvork wereshown. This rst example
waschoserto shav thatsimplesimulationscanbebuilt easilybut automaticallyutilize
thefull power of eventbasedsimulation.A simulationof abiologically inspired Iter -
ing network, aCBN, waspresente@sthesecondexample,shaving how the ring rate
codingcanbeusedto feedinputinto an SNN. To shav thatSNNscanindeedemulate
standardANNSs, the third exampleshaws the simulationof a Hop eld type network
in temporalcoding.This exampleclearly bene ts from the discreteevent simulation,
sincetherecurrencef theHop eld networkis inherentcausedy thefully connected,
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feedbackiopology;it doesnot have to be implementedespeciallybut the SNN uses
standardneuronsand synapsesvithout any modi cation. Thereis also no needfor

“steps” in the simulation,usually supervisedylobally. Finally, the last exampleis a

morecomple one,simulatinga SOM network in temporalcoding.It usestheframe-
work's capabilitiefor implementingearningalgorithmsby de ning apartially global

learningmechanism- but theaim shouldbeto uselocal learningalgorithms.

Althoughatthe momentthereareno directcomparisonso the useof continuoussim-
ulation, the potentialof this new techniqueis clearly visible. Due to the application
of discreteeventsimulationtechniquest shouldbe reasonabléo simulatelarge-scale
neuralnetworks with thousandf neuronson standardworkstations also facilitat-
ing theinvestigationin thein uence of differentfunctiontypeson the computational
power of spikingneuronsThis expectationis basedon thefactthatthe applicationof
discreteaventsimulationfor ecosystemshavedaspeed-umpf about100(!) [M0096).
This signi cant increasan simulationspeedcan— in additionto the betterscalability
— beusedto drasticallyincreasehe network size.For moresophisticategimulations,
thenumberof neuronss expectedo bethe determinatre factor Furthermorethe ad-
ditional degreesof freedomdueto the freely de nable shapeof all functionsin the
systemwill allow to conductexperimentson theimportanceof variousaspectof the
modelonthecomputationapower. Withoutbeingrestrictedo nding aclosedmathe-
maticalrepresentatiorthisfreedomin modelingfunctionshapeganallow completely
new computationaklementgo bebuilt outof spikingneuronsOneaim of futurework
shouldde nitely beto createsimulationsthatarecurrentlynot possiblewith continu-
oussimulation.However, future researcthasto shav thatthe assumptionshatwere
madeholdtrueandthateffectsof biologicalneuralnetworks(suchassynchronization
betweemuasi-chaoticallyring neuronsharereproduciblewith this model.

Finally, in chaptei6 afew possibledirectionsfor future developmentsveresuggested.
Theseenhancementsighthelpin masteringhe compleity of large neuralnetworks,
enablingthe useof new learningalgorithmsor achiezing additionalsimulationspeed-
up. More advantageouslevelopmentamight comefrom researcton informationen-
coding — intuitively it seemsthat much more complex coding schemesare usedin
biology. Although empirical studiessuggesthat all of the differentcodingschemes
thathave beendiscussedh this diplomathesis(temporalcoding,ratecodingandpop-
ulationcoding)areusedin someareasof thehumanbrain[RWdRvSB971, they might
aswell beusedconcurrentlyWhenthinking aboutthefastinformationprocessinghat
thevisualsensorysystemis capableof, togethemwith beingthe humansensehatalso
providesmoredetailinformationthanary othersensegxactly oneideacomeso mind:
thatspike codingresemblesomesortof fractalcoding the rst spikescarryingcourse
informationbut transmittingit quickly andfollowing spikesdeliveringmoreandmore
details.
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Concludingit canbe saidthatthis diplomathesiscanonly be a smallstepinto the fu-

tureadoptionof SNNsin practicalapplicationsAlthoughsomemay have the opinion
thatfutureresearchon neuralnetworkswill furtherdifferentiatethe foci of computer
scientistandneuro-biologist§Zel94, page574], theauthorbelievesthatthe contrary
may be true: SNNsmight offer advantagedor applicationsn computerscienceand
for researchn neurobiologyallowing bothcommunitiego shareinsights.Allowing a
fastsimulationof large networks by applyingdiscreteeventsimulationis hopefullya

stepinto this direction.
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