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Abstract

Address-gent representatiof(AER), originally proposedas a means
to communicatesparseneuraleventsbetweemeuromorphicchips, has
proven efficient in implementinglarge-scalenetworks with arbitrary
configurablesynapticconnectwity. In this work, we further extendthe
functionalityof AER to implementarbitrary configurablesynapticplas-
ticity in the addresslomain. As proof of concept,we implementa bi-
ologically inspiredform of spike timing-dependenplasticity (STDP)
basedon relative timing of eventsin an AER framework. Experimen-
tal resultsfrom ananalogVLSI integrate-and-fireetwork demonstrate
addresglomainlearningin a taskthatrequiresneuronsto groupcorre-
latedinputs.

1 Introduction

It hasbeensuggestedhatthe brain’s impressie functionality resultsfrom massiely par

allel processingusing simple andefficient computationaklementq1]. Developmentsn

neuromorphiceengineeringand address-eent representatiofAER) have provided anin-

frastructuresuitablefor emulatinglarge-scaleneuralsystemsn silicon, e.g., [2, 3]. Al-

thoughanintegral part of neuromorphiengineeringsinceits inception[1], only recently
have implementedsystemsbegun to incorporateadaptatiorand learningwith biological
modelsof synapticplasticity.

A varietyof learningruleshave beenrealizedin neuromorphidardware[4, 5]. Thesesys-
temsusuallyemploy circuitry incorporatednto the individual cells, imposingconstraints
on the natureof inputsand outputsof the implementedalgorithm. While well-suitedto
smallassembliesf neuronsthesearchitecturesrenot easilyscalablego networksof hun-
dredsor thousandsf neurons Algorithmsbasedothon continuous-alued‘intracellular”
signalsanddiscretespiking eventshave beenrealizedin this way, andwhile analogcom-
putationsmay be performedbetterat the cellular level, we amguethatit is advantageous
to implementspike-basedearningrulesin the addressdlomain. AER-basedsystemsare
inherentlyscalable andbecausehe encodingand decodingof eventsis performedat the
periphery learningalgorithmscan be arbitrarily complex without increasingthe size of
repeatingneuralunits. Furthermore AER makesno assumptionaboutthe signalsrepre-



Sender Receiver

I | . Data bus Lo

1 g [l

2 E 2

3 3
REQ [LIL L > REQ

ACK < ACK

Figure1: Address-gentrepresentationSendereventsare encodednto anaddresssent
overthebus,anddecodedHandshakingignalsREQ andACK arerequiredto ensurehat
only onecell pair is communicatingat a time. Note thatthe time axis goesfrom right to
left.

sentedasspikes,so learningcanaddressany measuref cellularactivity. This flexibility
canbeexploitedto achieve learningmechanismsvith high degreesof biologicalrealism.

Much previouswork hasfocusedon rate-basedHebbianlearning(e.g., [6]), but recently
the possibility of modifying synapsedasedon the timing of action potentialshasbeen
exploredin boththeneurosciencf, 8] andneuromorphi@ngineeringlisciplineqd9]-[11].
Thislatterhypothesigjivesriseto thepossibilityof learningbasedn causalityasopposed
to merecorrelation.We proposehat AER-basecheuromorphisystemsareideally suited
to implementlearningrules foundedon this notion of spike-timing dependenplasticity
(STDP).In the following sections,we describean implementationof one biologically-
plausibleSTDPlearningrule anddemonstratéhattable-basedynapticconnectvity canbe
extendedto table-basedynapticplasticityin a scalableandreconfigurableneuromorphic
AER architecture.

2 Address-domain architecture

Address-gentrepresentatiois a communicatiorprotocolthat usestime-multiplexing to
emulateextensie connectvity [12] (Fig. 1). In anAER systemonearrayof neuronsen-
codesdts actity in theform of spikesthataretransmittedo anotherarrayof neuronsThe
“brute force” approacho communicatinghesesignalswould beto useonewire for each
pair of neuronsyrequiring N wiresfor N cell pairs. However, an AER systemidentifies
the locationof a spiking cell andencodeghis asan addresswhich is thensentacrossa
shareddatabus. Thereceving arraydecodeghe addressandroutesit to the appropriate
cell, reconstructinghe senders actvity. HandshakingignalsREQ andACK arerequired
to ensurghatonly onecell pairis usingthedatabusatatime. This schemeeduceghere-
quirednumberof wiresfrom N to ~log, V. Two piecesof informationuniquelyidentify
aspike: its location,whichis explicitly encodedasanaddressandthetime thatit occurs,
which neednot be explicitly encodedecausehe eventsarecommunicatedn real-time.
Theencodedpike is calledanaddress-eent

In its original formulation, AER implementsa one-to-oneconnectiontopology which is
appropriatdor emulatingthe optic andauditorynenes[12, 13]. To createmorecomple
neuralcircuits, corvergentand divergentconnectvity is required. Several authorshave
discussedand implementedmethodsof enhancingthe connectvity of AER systemsto
this end[14]-[16]. Thesemethodscall for a memory-basegrojective field mappingthat
enablesoutinganaddress-eentto multiple receverlocations.

The enhancedAER systememployed in this paperis basedon that of [17], which en-
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Figure2: EnhancedAER for implementingcomple neuralnetworks. (a) Exampleneural
network. The connectionarelabeledwith their weightvalues.(b) The network in (a) is
mappedo the AER framewvork by meansof alook-uptable.

ablescontinuous-aluedsynaptioweightsby meanf gradedprobabilisticor determinis-
tic) transmissiorof address-eents. This architectureemploys a look-uptable (LUT), an
integrate-and-firaddress-eenttranscerer (IFAT), andsomeadditionalsupportcircuitry.
Fig. 2 shovs how an exampletwo-layernetwork canbe mappedo the AER framework.
Eachrow in thetablecorrespond$o a singlesynapticconnection—itontaingnformation
aboutthe sendeiocation, the recever location,the connectiorpolarity (excitatory or in-
hibitory), andthe connectionrmagnitude.Whena spike is sentto the system,the sender
addresss usedasanindex into the LUT anda signalactivatesthe eventgeneratoi(EG)
circuit. The EG scrollsthroughall thetableentriescorrespondingo synapticconnections
from the sendingneuron. For eachsynapsethe receiver addressand the spike polarity
aresentto the IFAT, andthe EG initiatesas mary spikes as are specifiedin the weight
magnitudefield.

Eventsreceved by the IFAT aretemporallyand spatially integratedby analogcircuitry.
Eachintegrate-and-firecell receves excitatory and inhibitory inputs that incrementor
decrementhe potentialstoredon an internal capacitance.When this potentialexceeds
a giventhresholdthe cell generatesn outputeventandbroadcastéts addresgo the AE
arbiter Thephysicallocationof neurondn thearrayis inconsequentiadsconnectionsare
routedthroughthe LUT, whichis implementedn random-accesmemory(RAM) outside
of thechip.

An interestingeatureof thelFAT is thatit is insensitve to thetimescaleoverwhichevents
occur Becausdnternal potentialsare not subjectto decay the cells’ actiities are only
sensitve to the order of theevents.Effectsof leakagecurrentin realneuronsareemulated
by regularly sendingnhibitory eventsto all of thecellsin thearray Modulatingthetiming
of the“global decayevents”allows usto dynamicallywarpthetime axis.

We have designedandimplementeda prototypesystemthat usesthe IFAT infrastructure
to implementmassiely connectedreconfigurablaneuralnetworks. An examplesetupis
describedn detailin [17], andis illustratedin Fig. 3. It consistf a customVLSI IFAT
chipwith a1024-neuronarray a RAM thatstoresthelook-uptable,anda microcontroller
unit (MCU) thatrealizesheeventgeneratar

As discussedn [18, p. 91], a synapticweightw canbe expressedisthe combinedeffect
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Figure3: Hardwareimplementatiorof enhanced\ER. Theelementsareanintegrate-and-
fire arraytranscerer (IFAT) chip, a random-accessiemory(RAM) look-uptable,anda
microcontrollerunit (MCU). (a) Feedforvardmode. Input eventsareroutedby the RAM
look-uptable,andintegratedby the IFAT chip. (b) Recurrenmode.Eventsemittedby the
IFAT aresentto the look-up table, wherethey areroutedbackto the IFAT. This makes
virtual connectionbetweenFAT cells.

of threephysicalmechanisms:

w = npq (1)
wheren is the numberof quantalneurotransmittesites, p is the probability of synaptic
releasegersite,andgq is the measuref the postsynaptieffect of the synapseMany early
neuralnetwork modelsheld n andp constantand attributedall of the variability in the
weightto ¢g. Our architecturds capableof varying all threecomponents:n by sending
multiple eventsto the samerecever location,p by probabilisticallyroutingthe events(as
in [17]), andg by varyingthe sizeof the potentialincrementanddecrementin the IFAT
cells. In the experimentsdescribedn this paper the transmissiorof address-eentsis
deterministic,andthe weightis controlledby varying the numberof eventsper synapse,
correspondingo a variationin n.

3 Address-domain learning

The AER architecturdendsitself to implementation®f synapticplasticity, sinceinforma-
tion aboutpresynapti@andpostsynapti@ctivity is readilyavailableandthe contentof the
synapticweightfieldsin RAM areeasilymodifiable“on thefly.” Asin biologicalsystems,
synapsesanbedynamicallycreatecandprunedby insertingor deletingentriesin theLUT.

Like addresslomainconnectity, the advantageof addresslomainplasticity is that the
constituentof the implementedearningrule are not constrainedo be local in spaceor
time. Variousforms of learningalgorithmscanbe mappedonto the samearchitectureby
reconfiguringhe MCU interfacingthe IFAT andthe LUT.

Basicformsof Hebbianlearningcanbeimplementedwvith no overheadn the addresslo-
main. Whenapresynapti@vent,routedby theLUT throughthelFAT, elicitsapostsynaptic
event,thesynapticstrengthbetweerthetwo neuronss simply updatedy incrementinghe
datafield of theLUT entryattheactive addressocation.A similar stratgy canbeadopted
for otherlearningrulesof the incrementabuterproducttype, suchasdelta-ruleor back-
propagatiorsupervisedearning.

Non-locallearningrules requirecontrol of the LUT addressspaceto implementspatial
and/ortemporaldependenciesviostinterestingirom a biological perspectie areforms of
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Figure4: Spike timing-dependenplasticity (STDP)in the addresglomain. (a) Synaptic
updatesAw asafunctionof therelative timing of presynapti@ndpostsynaptievents with
asymmetricwindows of anti-causabnd causalregimesr_ > 7. (b) Address-domain
implementatiorusingpresynapti¢top) andpostsynapti¢bottom)eventqueuesf window
lengthsr; andr_.

postsynaptic 5

spike timing-dependenplasticity (STDP).

4 Spiketiming-dependent plasticity

Learningrulesbasedn STDPspecifychangesn synapticstrengthdependingn thetime
interval betweeneachpair of presynapti@and postsynaptievents. “Causal” postsynaptic
eventsthat succeedgresynapti@actionpotentials(APs) by a shortdurationof time poten-
tiatethe synapticstrengthwhile “anti-causal’presynaptie@ventssucceedingpostsynaptic
APs by a shortdurationdepresghe synapticstrength. The amountof strengtheningor
wealeningis dependenbn the exact time of the event within the causalor anti-causal
regime,asillustratedin Fig. 4 (a). Theweightupdatehastheform

*77[7-7 - (tpre - tpost)] 0 S tpre - tpost S T
Aw = 1[4 + (tpre — tpost)] —T4 < tpre — tposs < 0 @
0 otherwise

wheret,,e andtpos: denotetime stampsof presynapti@ndpostsynaptievents.

For stablelearning,the time windows of causaland anti-causaregimesr, andr_ are
subjectto theconstraint~y < 7_. For moregenerafunctionalformsof STDPAw(tpre —
tpost), the areaunderthe synapticmodificationcurve in the anti-causakegime mustbe
greaterthanthatin the causaregimeto ensurecorvergenceof the synapticstrengthg7].

The STDP synapticmodificationrule (2) is implementedn the addresslomainby aug-
mentingthe AER architecturewith two eventqueuespne eachfor presynaptiandpost-
synapticevents,shavn in Figure4 (b). Eachtime a presynapticeventis generatedthe
senders addresss enterednto a queuewith anassociatedalueof 7. All valuesin the
gueuearedecrementedvery time a globaldecayeventis obsened, markingone unit of

time T'. A postsynapti®venttriggersa sequencef synapticupdatesby iterating back-
wardsthroughthe queueto find the causakpikes,in turnlocatingthe synapticstrengthen-

triesin the LUT correspondingo the sendeiaddresseandsynapticindex, andincreasing



Figure5: Pictorial representatiomf our experimentalneuralnetwork, with actualspike
train datasentfrom theworkstationto thefirst layer. All cellsareidentical,but s . .. x5

(shadedyeceve correlatednputs. Activity becomesnoresparséen the hiddenandoutput
layersasthe IFAT integratesspatiotemporallyNote thatconnectionsrevirtual, specified
in theRAM look-up-table.

the synapticstrengthsn the LUT accordingto thevaluesstoredin the queue.Anti-causal
eventsrequirean equivalentsetof operationsmatchingeachincomingpresynapticspike
with asecondjueueof postsynapti@vents.In this casegntriesin thequeueareinitialized
with avalueof 7 anddecrementedfterevery interval of time T' betweendecayevents,
correspondingo the decreas@ strengttto beappliedatthe presynaptic/postsynapipair.

We have chosena particularly simple form of the synapticmodificationfunction (2) as
proof of principlein the experiments. More generalfunctionscanbe implementedoy a
tablethatmapstime binsin the history of the queueto specifiedvaluesof Aw(nT'), with
positive valuesof n indexing the postsynaptiqqueue,and negative valuesindexing the
presynapticueue.

5 Experimental results

We have implementedh Hebbianspike timing-basedearningrule on a network of 21 neu-
ronsusingthe IFAT system(Fig. 5). Eachof the 20 neurongn theinputlayeris drivenby
anexternally supplied randomlygeneratedist of events. Sufficiently high levels of input
causeheseneurongo producespikesthatsubsequentlgrive the outputlayer All events
are communicatedver the address-eent bus and are monitoredby a workstationcom-
municatingwith the MCU and RAM. As shawn in [7], temporallyasymmetricHebbian
learningusing STDPis usefulfor detectingcorrelationsbetweeninputs. We have proved
thatthis canbeaccomplishedh hardwarein theaddresslomainby presentinghe network
with stimuluspatternscontaininga setof correlatednputsanda setof uncorrelatednputs:
neuronsr; . .. zy7 areall stimulatedindependentlyith a probability of 0.05 per unit of
time, while neuronsess . . . 99 have the samdik elihoodof stimulationbut arealwaysac-
tivatedtogether Thus,overasuficiently long periodof time eachneuronin theinputlayer
will receve the sameamountof activation, but the correlatedgroupwill fire synchronous
spikesmorefrequentlythanary othercombinationof neurons.

In theimplementedearningrule (2), causalactvity resultsin synapticstrengtheningnd
anti-causahctivity resultsin synapticwealening. As describedn Section4, for an anti-
causalregimer_ largerthanthe causaregimer,., randomactiity resultsin overallweak-
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Figure 6: Experimentalsynapticstrengthsn the secondlayer, recordedfrom the IFAT
systemafter the presentatiorof 200,000input events. (a) Typical experimentalrun. (b)
Average(+SE) over 20 experimentakuns.

eningof asynapseAll synapsesonnectingheinputandoutputlayersareequallylikely
to be active during an anti-causafegime. However, the increasdn averagecontrikbution
to the postsynaptianembranepotentialfor the correlatedgroup of neuronsrendersthis
populationslightly morelik ely to be active duringthe causaregimethanary singlemem-
ber of the uncorrelatedyroup. Therefore the synapticstrengthdor this groupof neurons
will increasewith respecto the uncorrelatedyroup, further augmentingheir likelihood
of causinga postsynaptispike. Over time, this positive feedbackesultsin a randombut
stabledistribution of synapticstrengthsan which the correlatedneurons’synapsegorm
the strongestonnectionsndtheremainingneuronsaredistributedaroundan equilibrium
valuefor weakconnections.

In the experimentswe have chosenr, = 3 andr_ = 6. An exampleof a typical dis-
tribution of synapticstrengthgecordedafter 200,000eventshave beenprocessedy the
inputlayeris shovnin Fig. 6 (a). For thedatashovn, synapsesdriving theinputlayerwere
fixed at the maximumstrength(+31), therateof decaywas—4 perunit of time, andthe
plastic synapsedetweenthe input and outputlayerswereall initialized to +8. Because
theeventssentfrom theworkstationto theinputlayerarerandomlygeneratedfuctuations
in the strengthsof individual synapse®ccurconsistentlythroughoutthe operationof the
system.Thus,thefinal distribution of synapticweightsis differenteachtime, but a pattern
canbeclearlydiscernedrom the averagevalueof synapticweightsafter20 separatérials
of 200,000eventseachasshavnin Fig. 6 (b).

The systemis robustto changesn variousparametersf the spike timing-basedearning
algorithmaswell asto modificationsin the numberof correlateduncorrelatedandtotal
neurongdatanotshown). It alsocorvergesto asimilar distribution regardlesof theinitial

valuesof the synapticstrengthgwith the constrainthatthe netactiity mustbelargerthan
therateof decayof thevoltagestoredon the membrane&apacitancef the outputneuron).

6 Conclusion

We have demonstratethatthe addresslomainprovidesan efficient representatioto im-
plementsynapticplasticitythatdepend®n therelative timing of events.Unlike dedicated
hardware implementation®f learningfunctionsembeddednto the connectvity, the ad-
dressdomainimplementatiorallows for learningruleswith interactionghatarenot con-
strainedn spaceandtime. Experimentatesultsverifiedthis for temporally-antisymmetric
Hebbianlearning,but the framework canbe extendedto generalearningrules,including
reward-basedcheme$10].



The IFAT architecturecan be augmentedo include sensoryinput, physical nearest-
neighborconnectvity betweenneurons,and more realistic biological modelsof neural
computation Additionally, integratingthe RAM andIFAT into asinglechip will allow for

increaseccomputationabandwidth. Unlike a purely digital implementatioror software
emulationthe AER framework preseresthe continuousatureof thetiming of events.
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