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Abstract

Address-event representation(AER), originally proposedas a means
to communicatesparseneuraleventsbetweenneuromorphicchips,has
proven efficient in implementinglarge-scalenetworks with arbitrary,
configurablesynapticconnectivity. In this work, we further extendthe
functionalityof AER to implementarbitrary, configurablesynapticplas-
ticity in the addressdomain. As proof of concept,we implementa bi-
ologically inspired form of spike timing-dependentplasticity (STDP)
basedon relative timing of eventsin an AER framework. Experimen-
tal resultsfrom ananalogVLSI integrate-and-firenetwork demonstrate
addressdomainlearningin a taskthat requiresneuronsto groupcorre-
latedinputs.

1 Introduction

It hasbeensuggestedthat thebrain’s impressive functionalityresultsfrom massively par-
allel processingusingsimpleandefficient computationalelements[1]. Developmentsin
neuromorphicengineeringandaddress-event representation(AER) have provided an in-
frastructuresuitablefor emulatinglarge-scaleneuralsystemsin silicon, e.g., [2, 3]. Al-
thoughan integral partof neuromorphicengineeringsinceits inception[1], only recently
have implementedsystemsbegun to incorporateadaptationand learningwith biological
modelsof synapticplasticity.

A varietyof learningruleshavebeenrealizedin neuromorphichardware[4, 5]. Thesesys-
temsusuallyemploy circuitry incorporatedinto the individual cells, imposingconstraints
on the natureof inputsandoutputsof the implementedalgorithm. While well-suitedto
smallassembliesof neurons,thesearchitecturesarenoteasilyscalableto networksof hun-
dredsor thousandsof neurons.Algorithmsbasedbothoncontinuous-valued“intracellular”
signalsanddiscretespikingeventshave beenrealizedin this way, andwhile analogcom-
putationsmay be performedbetterat the cellular level, we arguethat it is advantageous
to implementspike-basedlearningrulesin the addressdomain. AER-basedsystemsare
inherentlyscalable,andbecausetheencodinganddecodingof eventsis performedat the
periphery, learningalgorithmscanbe arbitrarily complex without increasingthe sizeof
repeatingneuralunits. Furthermore,AER makesno assumptionsaboutthesignalsrepre-
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Figure1: Address-event representation.Sendereventsareencodedinto an address,sent
over thebus,anddecoded.HandshakingsignalsREQ andACK arerequiredto ensurethat
only onecell pair is communicatingat a time. Note that the time axisgoesfrom right to
left.

sentedasspikes,so learningcanaddressany measureof cellularactivity. This flexibility
canbeexploitedto achieve learningmechanismswith highdegreesof biologicalrealism.

Much previouswork hasfocusedon rate-basedHebbianlearning(e.g., [6]), but recently,
the possibility of modifying synapsesbasedon the timing of actionpotentialshasbeen
exploredin boththeneuroscience[7, 8] andneuromorphicengineeringdisciplines[9]–[11].
This latterhypothesisgivesriseto thepossibilityof learningbasedoncausality, asopposed
to merecorrelation.We proposethatAER-basedneuromorphicsystemsareideally suited
to implementlearningrules foundedon this notion of spike-timing dependentplasticity
(STDP). In the following sections,we describean implementationof one biologically-
plausibleSTDPlearningruleanddemonstratethattable-basedsynapticconnectivity canbe
extendedto table-basedsynapticplasticity in a scalableandreconfigurableneuromorphic
AER architecture.

2 Address-domain architecture

Address-event representationis a communicationprotocolthat usestime-multiplexing to
emulateextensive connectivity [12] (Fig. 1). In anAER system,onearrayof neuronsen-
codesits activity in theform of spikesthataretransmittedto anotherarrayof neurons.The
“brute force” approachto communicatingthesesignalswould beto useonewire for each
pair of neurons,requiring  wires for  cell pairs. However, an AER systemidentifies
the locationof a spiking cell andencodesthis asan address,which is thensentacrossa
shareddatabus. The receiving arraydecodestheaddressandroutesit to theappropriate
cell, reconstructingthesender’sactivity. HandshakingsignalsREQ andACK arerequired
to ensurethatonly onecell pair is usingthedatabusata time. Thisschemereducesthere-
quirednumberof wiresfrom  to ������� �  . Two piecesof informationuniquelyidentify
a spike: its location,which is explicitly encodedasanaddress,andthetime thatit occurs,
which neednot be explicitly encodedbecausethe eventsarecommunicatedin real-time.
Theencodedspike is calledanaddress-event.

In its original formulation,AER implementsa one-to-oneconnectiontopology, which is
appropriatefor emulatingtheoptic andauditorynerves[12, 13]. To createmorecomplex
neuralcircuits, convergentanddivergentconnectivity is required. Several authorshave
discussedand implementedmethodsof enhancingthe connectivity of AER systemsto
this end[14]–[16]. Thesemethodscall for a memory-basedprojective field mappingthat
enablesroutinganaddress-eventto multiple receiver locations.

The enhancedAER systememployed in this paperis basedon that of [17], which en-
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Figure2: EnhancedAER for implementingcomplex neuralnetworks.(a) Exampleneural
network. Theconnectionsarelabeledwith their weightvalues.(b) Thenetwork in (a) is
mappedto theAER framework by meansof a look-uptable.

ablescontinuous-valuedsynapticweightsby meansof graded(probabilisticor determinis-
tic) transmissionof address-events. This architectureemploys a look-up table(LUT), an
integrate-and-fireaddress-eventtransceiver (IFAT), andsomeadditionalsupportcircuitry.
Fig. 2 shows how anexampletwo-layernetwork canbemappedto theAER framework.
Eachrow in thetablecorrespondsto asinglesynapticconnection—itcontainsinformation
aboutthesenderlocation,the receiver location,the connectionpolarity (excitatoryor in-
hibitory), andthe connectionmagnitude.Whena spike is sentto the system,the sender
addressis usedasan index into the LUT anda signalactivatesthe eventgenerator(EG)
circuit. TheEG scrollsthroughall thetableentriescorrespondingto synapticconnections
from the sendingneuron. For eachsynapse,the receiver addressand the spike polarity
aresentto the IFAT, andthe EG initiatesasmany spikesasarespecifiedin the weight
magnitudefield.

Eventsreceived by the IFAT aretemporallyandspatially integratedby analogcircuitry.
Each integrate-and-firecell receives excitatory and inhibitory inputs that incrementor
decrementthe potentialstoredon an internalcapacitance.When this potentialexceeds
a giventhreshold,thecell generatesanoutputeventandbroadcastsits addressto theAE
arbiter. Thephysicallocationof neuronsin thearrayis inconsequentialasconnectionsare
routedthroughtheLUT, which is implementedin random-accessmemory(RAM) outside
of thechip.

An interestingfeatureof theIFAT is thatit is insensitiveto thetimescaleoverwhichevents
occur. Becauseinternalpotentialsarenot subjectto decay, the cells’ activities areonly
sensitive to theorderof theevents.Effectsof leakagecurrentin realneuronsareemulated
by regularlysendinginhibitory eventsto all of thecellsin thearray. Modulatingthetiming
of the“global decayevents”allowsusto dynamicallywarpthetimeaxis.

We have designedandimplementeda prototypesystemthat usesthe IFAT infrastructure
to implementmassively connected,reconfigurableneuralnetworks. An examplesetupis
describedin detail in [17], andis illustratedin Fig. 3. It consistsof a customVLSI IFAT
chip with a ������� -neuronarray, a RAM thatstoresthelook-uptable,anda microcontroller
unit (MCU) thatrealizestheeventgenerator.

As discussedin [18, p. 91], a synapticweight � canbeexpressedasthecombinedeffect
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Figure3: Hardwareimplementationof enhancedAER. Theelementsareanintegrate-and-
fire arraytransceiver (IFAT) chip, a random-accessmemory(RAM) look-up table,anda
microcontrollerunit (MCU). (a) Feedforwardmode.Input eventsareroutedby theRAM
look-uptable,andintegratedby theIFAT chip. (b) Recurrentmode.Eventsemittedby the
IFAT aresentto the look-up table,wherethey are routedbackto the IFAT. This makes
virtual connectionsbetweenIFAT cells.

of threephysicalmechanisms:
�:9<;>=@? (1)

where ; is the numberof quantalneurotransmittersites, = is the probability of synaptic
releasepersite,and ? is themeasureof thepostsynapticeffect of thesynapse.Many early
neuralnetwork modelsheld ; and = constantand attributedall of the variability in the
weight to ? . Our architectureis capableof varying all threecomponents:; by sending
multiple eventsto thesamereceiver location,= by probabilisticallyroutingtheevents(as
in [17]), and ? by varyingthesizeof thepotentialincrementsanddecrementsin theIFAT
cells. In the experimentsdescribedin this paper, the transmissionof address-eventsis
deterministic,andthe weight is controlledby varying the numberof eventspersynapse,
correspondingto a variationin ; .

3 Address-domain learning

TheAER architecturelendsitself to implementationsof synapticplasticity, sinceinforma-
tion aboutpresynapticandpostsynapticactivity is readilyavailableandthecontentsof the
synapticweightfieldsin RAM areeasilymodifiable“on thefly.” As in biologicalsystems,
synapsescanbedynamicallycreatedandprunedby insertingor deletingentriesin theLUT.

Like addressdomainconnectivity, the advantageof addressdomainplasticity is that the
constituentsof the implementedlearningrule arenot constrainedto be local in spaceor
time. Variousformsof learningalgorithmscanbemappedonto thesamearchitectureby
reconfiguringtheMCU interfacingtheIFAT andtheLUT.

Basicformsof Hebbianlearningcanbeimplementedwith no overheadin theaddressdo-
main.Whenapresynapticevent,routedby theLUT throughtheIFAT, elicitsapostsynaptic
event,thesynapticstrengthbetweenthetwo neuronsis simplyupdatedby incrementingthe
datafield of theLUT entryat theactiveaddresslocation.A similarstrategy canbeadopted
for otherlearningrulesof the incrementalouter-producttype,suchasdelta-ruleor back-
propagationsupervisedlearning.

Non-local learningrules requirecontrol of the LUT addressspaceto implementspatial
and/ortemporaldependencies.Most interestingfrom a biologicalperspectiveareformsof
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Figure4: Spike timing-dependentplasticity (STDP)in theaddressdomain. (a) Synaptic
updates{|� asafunctionof therelativetimingof presynapticandpostsynapticevents,with
asymmetricwindows of anti-causalandcausalregimes }�~���}�� . (b) Address-domain
implementationusingpresynaptic(top)andpostsynaptic(bottom)eventqueuesof window
lengths} � and} ~ .

spike timing-dependentplasticity(STDP).

4 Spike timing-dependent plasticity

LearningrulesbasedonSTDPspecifychangesin synapticstrengthdependingon thetime
interval betweeneachpair of presynapticandpostsynapticevents. “Causal”postsynaptic
eventsthatsucceedpresynapticactionpotentials(APs)by a shortdurationof time poten-
tiatethesynapticstrength,while “anti-causal”presynapticeventssucceedingpostsynaptic
APs by a shortdurationdepressthe synapticstrength. The amountof strengtheningor
weakening is dependenton the exact time of the event within the causalor anti-causal
regime,asillustratedin Fig. 4 (a). Theweightupdatehastheform

{|��9
����� }�~ ��������������������������� ��� ������� ����������� �¡}�~��� } �£¢ ��� ����� ��� ������� ��� � } � � � ����� ��� ������� �¡�
� ��¤�¥§¦�¨ª©¬«®ª¦

(2)

where������� and�����ª��� denotetimestampsof presynapticandpostsynapticevents.

For stablelearning,the time windows of causalandanti-causalregimes } � and } ~ are
subjectto theconstraint} ��¯ } ~ . For moregeneralfunctionalformsof STDP {°� ��� ����� ������������ , the areaunderthe synapticmodificationcurve in the anti-causalregime mustbe
greaterthanthatin thecausalregimeto ensureconvergenceof thesynapticstrengths[7].

The STDPsynapticmodificationrule (2) is implementedin the addressdomainby aug-
mentingtheAER architecturewith two eventqueues,oneeachfor presynapticandpost-
synapticevents,shown in Figure4 (b). Eachtime a presynapticevent is generated,the
sender’s addressis enteredinto a queuewith anassociatedvalueof }�� . All valuesin the
queuearedecrementedevery time a globaldecayevent is observed,markingoneunit of
time ± . A postsynapticevent triggersa sequenceof synapticupdatesby iteratingback-
wardsthroughthequeueto find thecausalspikes,in turn locatingthesynapticstrengthen-
triesin theLUT correspondingto thesenderaddressesandsynapticindex, andincreasing
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Figure5: Pictorial representationof our experimentalneuralnetwork, with actualspike
traindatasentfrom theworkstationto thefirst layer. All cellsareidentical,but ´ ��µ ¶�¶�¶ ´ ��·
(shaded)receivecorrelatedinputs.Activity becomesmoresparsein thehiddenandoutput
layersastheIFAT integratesspatiotemporally. Notethatconnectionsarevirtual, specified
in theRAM look-up-table.

thesynapticstrengthsin theLUT accordingto thevaluesstoredin thequeue.Anti-causal
eventsrequireanequivalentsetof operations,matchingeachincomingpresynapticspike
with asecondqueueof postsynapticevents.In thiscase,entriesin thequeueareinitialized
with a valueof } ~ anddecrementedafterevery interval of time ± betweendecayevents,
correspondingto thedecreasein strengthto beappliedat thepresynaptic/postsynapticpair.

We have chosena particularlysimple form of the synapticmodificationfunction (2) as
proof of principle in the experiments.More generalfunctionscanbe implementedby a
tablethatmapstime bins in thehistoryof thequeueto specifiedvaluesof {|� � ;>± � , with
positive valuesof ; indexing the postsynapticqueue,and negative valuesindexing the
presynapticqueue.

5 Experimental results

We haveimplementeda Hebbianspike timing-basedlearningruleona network of 21neu-
ronsusingtheIFAT system(Fig. 5). Eachof the ��� neuronsin theinput layeris drivenby
anexternallysupplied,randomlygeneratedlist of events.Sufficiently high levelsof input
causetheseneuronsto producespikesthatsubsequentlydrive theoutputlayer. All events
arecommunicatedover the address-event bus andaremonitoredby a workstationcom-
municatingwith the MCU andRAM. As shown in [7], temporallyasymmetricHebbian
learningusingSTDPis usefulfor detectingcorrelationsbetweeninputs. We have proved
thatthiscanbeaccomplishedin hardwarein theaddressdomainby presentingthenetwork
with stimuluspatternscontainingasetof correlatedinputsandasetof uncorrelatedinputs:
neuronś �¸¶�¶�¶ ´ ��¹ areall stimulatedindependentlywith a probabilityof � ¶ ��º per unit of
time,while neuronś ��µ�¶�¶�¶ ´ �ª· have thesamelikelihoodof stimulationbut arealwaysac-
tivatedtogether. Thus,overasufficiently longperiodof timeeachneuronin theinput layer
will receive thesameamountof activation,but thecorrelatedgroupwill fire synchronous
spikesmorefrequentlythanany othercombinationof neurons.

In the implementedlearningrule (2), causalactivity resultsin synapticstrengtheningand
anti-causalactivity resultsin synapticweakening. As describedin Section4, for ananti-
causalregime }�~ largerthanthecausalregime }�� , randomactivity resultsin overallweak-
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Figure 6: Experimentalsynapticstrengthsin the secondlayer, recordedfrom the IFAT
systemafter the presentationof 200,000input events. (a) Typical experimentalrun. (b)
Average( ¢ SE) over20experimentalruns.

eningof a synapse.All synapsesconnectingtheinput andoutputlayersareequallylikely
to be active during an anti-causalregime. However, the increasein averagecontribution
to the postsynapticmembranepotentialfor the correlatedgroupof neuronsrendersthis
populationslightly morelikely to beactiveduringthecausalregimethanany singlemem-
berof theuncorrelatedgroup. Therefore,thesynapticstrengthsfor this groupof neurons
will increasewith respectto the uncorrelatedgroup, further augmentingtheir likelihood
of causinga postsynapticspike. Over time, this positive feedbackresultsin a randombut
stabledistribution of synapticstrengthsin which the correlatedneurons’synapsesform
thestrongestconnectionsandtheremainingneuronsaredistributedaroundanequilibrium
valuefor weakconnections.

In the experiments,we have chosen} � 9¼» and } ~ 9¼½ . An exampleof a typical dis-
tribution of synapticstrengthsrecordedafter 200,000eventshave beenprocessedby the
input layeris shown in Fig.6 (a). For thedatashown,synapsesdriving theinput layerwere
fixedat themaximumstrength( ¢ »@� ), therateof decaywas � � perunit of time, andthe
plasticsynapsesbetweenthe input andoutputlayerswereall initialized to ¢¿¾ . Because
theeventssentfrom theworkstationto theinput layerarerandomlygenerated,fluctuations
in thestrengthsof individual synapsesoccurconsistentlythroughouttheoperationof the
system.Thus,thefinal distributionof synapticweightsis differenteachtime,but apattern
canbeclearlydiscernedfrom theaveragevalueof synapticweightsafter ��� separatetrials
of 200,000eventseach,asshown in Fig. 6 (b).

Thesystemis robust to changesin variousparametersof thespike timing-basedlearning
algorithmaswell asto modificationsin thenumberof correlated,uncorrelated,andtotal
neurons(datanotshown). It alsoconvergesto asimilardistributionregardlessof theinitial
valuesof thesynapticstrengths(with theconstraintthatthenetactivity mustbelargerthan
therateof decayof thevoltagestoredon themembranecapacitanceof theoutputneuron).

6 Conclusion

We have demonstratedthat theaddressdomainprovidesanefficient representationto im-
plementsynapticplasticitythatdependson therelative timing of events.Unlike dedicated
hardwareimplementationsof learningfunctionsembeddedinto the connectivity, the ad-
dressdomainimplementationallows for learningruleswith interactionsthatarenot con-
strainedin spaceandtime. Experimentalresultsverifiedthis for temporally-antisymmetric
Hebbianlearning,but the framework canbeextendedto generallearningrules,including
reward-basedschemes[10].



The IFAT architecturecan be augmentedto include sensoryinput, physical nearest-
neighborconnectivity betweenneurons,and more realistic biological modelsof neural
computation.Additionally, integratingtheRAM andIFAT into asinglechipwill allow for
increasedcomputationalbandwidth. Unlike a purely digital implementationor software
emulation,theAER framework preservesthecontinuousnatureof thetiming of events.

References

[1] C. Mead,Analog VLSIandNeural Systems. Reading,Massachusetts:Addison-Wesley, 1989.

[2] S.R. Deiss,R. J.Douglas,andA. M. Whatley, “A pulse-codedcommunicationsinfrastructure
for neuromorphicsystems,” in PulsedNeural Networks(W. Maasand C. M. Bishop, eds.),
pp.157–178,Cambridge,MA: MIT Press,1999.

[3] K. Boahen,“A retinomorphicchip with parallel pathways: EncodingINCREASING, ON,
DECREASING,andOFF visual signals,” Analog IntegratedCircuits and SignalProcessing,
vol. 30,pp.121–135,February2002.

[4] G. CauwenberghsandM. A. Bayoumi,eds.,Learningon Silicon: AdaptiveVLSINeural Sys-
tems. Norwell, MA: Kluwer Academic,1999.

[5] M. A. Jabri,R. J. Coggins,andB. G. Flower, Adaptiveanalog VLSIneural systems. London:
Chapman& Hall, 1996.

[6] T. J. Sejnowski, “Storing covariancewith nonlinearlyinteractingneurons,” Journal of Mathe-
maticalBiology, vol. 4, pp.303–321,1977.

[7] S.Song,K. D. Miller, andL. F. Abbott, “Competitive Hebbianlearningthroughspike-timing-
dependentsynapticplasticity,” NatureNeuroscience, vol. 3, no.9, pp.919–926,2000.

[8] M. C. W. van Rossum,G. Q. Bi, andG. G. Turrigiano,“StableHebbianlearningfrom spike
timing-dependentplasticity,” Journal of Neuroscience, vol. 20,no.23,pp.8812–8821,2000.

[9] P. HafligerandM. Mahowald,“SpikebasednormalizingHebbianlearningin ananalogVLSI ar-
tificial neuron,” in LearningOnSilicon(G. CauwenberghsandM. A. Bayoumi,eds.),pp.131–
142,Norwell, MA: Kluwer Academic,1999.

[10] T. LehmannandR. Woodburn, “Biologically-inspiredon-chip learningin pulsedneuralnet-
works,” Analog IntegratedCircuitsandSignalProcessing, vol. 18,no.2-3,pp.117–131,1999.

[11] A. Bofill, A. F. Murray, andD. P. Thompson,“Circuits for VLSI implementationof temporally-
asymmetricHebbianlearning,” in Advancesin Neural Information ProcessingSystems14
(T. Dietterich,S.Becker, andZ. Ghahramani,eds.),Cambridge,MA: MIT Press,2002.

[12] M. Mahowald, An analog VLSI systemfor stereoscopicvision. Boston: Kluwer Academic
Publishers,1994.

[13] J.Lazzaro,J.Wawrzynek,M. Mahowald,M. Sivilotti, andD. Gillespie,“Silicon auditorypro-
cessorsascomputerperipherals,” IEEE Trans.Neural Networks, vol. 4, no. 3, pp. 523–528,
1993.

[14] K. A. Boahen,“Point-to-pointconnectivity betweenneuromorphicchipsusingaddressevents,”
IEEE Trans.Circuits and Systems—II:Analog and Digital SignalProcessing, vol. 47, no. 5,
pp.416–434,2000.

[15] C. M. Higgins and C. Koch, “Multi-chip neuromorphicmotion processing,” in Proceedings
20thAnniversaryConferenceonAdvancedResearch in VLSI(D. Wills andS.DeWeerth,eds.),
(LosAlamitos,CA), pp.309–323,IEEEComputerSociety, 1999.

[16] S.-C.Liu, J. Kramer, G. Indiveri, T. Delbrück, andR. Douglas,“Orientation-selective aVLSI
spiking neurons,” in Advancesin Neural Information ProcessingSystems14 (T. Dietterich,
S.Becker, andZ. Ghahramani,eds.),Cambridge,MA: MIT Press,2002.

[17] D. H. Goldberg, G. Cauwenberghs,andA. G. Andreou,“Probabilisticsynapticweightingin a
reconfigurablenetwork of VLSI integrate-and-fireneurons,” Neural Networks, vol. 14,no.6/7,
pp.781–793,2001.

[18] C. Koch,Biophysicsof Computation:InformationProcessingin SingleNeurons. New York:
OxfordUniversityPress,1999.


