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Abstract

We have constructeda systemthat usesan arrayof 9,600spiking sili-
con neurons,a fastmicrocontroller, anddigital memory, to implement
a recon�gurablenetwork of integrate-and-�reneurons. The systemis
designedfor rapid prototypingof spiking neuralnetworks that require
high-throughputcommunicationwith externaladdress-event hardware.
Arbitrary network topologiescan be implementedby selectively rout-
ing address-eventsto speci�c internalor externaltargetsaccordingto a
memory-basedprojective �eld mapping.Theutility andversatilityof the
systemis demonstratedby con�guring it asa three-stagenetwork that
acceptsinput from anaddress-eventimager, detectssalientregionsof the
image,andperformsspatialacuitymodulationarounda high-resolution
foveathatis centeredon thelocationof highestsalience.

1 Intr oduction

The goal of neuromorphicengineeringis to designlarge-scalesensoryinformationpro-
cessingsystemsthatemulatethebrain. In many biologicalneuralsystems,theinformation
receivedby a sensoryorganpassesthroughmultiple stagesof neuralcomputationsbefore
a judgmentis made. A convenientway to study this functionality is to designseparate
chipsfor eachstageof processingandconnectthemwith a fastdatabus.However, it is not
alwaysadvisableto fabricatea new chip to testa hypothesisregardinga particularneural
computation,andsoftwaremodelsof spikingneuralnetworkscannottypically executeor
communicatewith externaldevicesin real-time.Therefore,we have designedspecialized
hardwarethat implementsa recon�gurablearrayof spikingneuronsfor rapidprototyping
of large-scaleneuralnetworks.

Neuromorphicsensorscan generateup to millions of spikes per second(see,e.g., [1]),
so a propercommunicationprotocol is requiredfor multi-chip systems.“Address-Event
Representation”(AER) wasdevelopedfor this purposeover a decadeagoandhassince
becomethe common“language”of neuromorphicchips[2–7]. The centralideaof AER
is to usetime-multiplexing to emulateextensive connectivity betweenneurons.Although
it wasoriginally proposedto implementa one-to-oneconnectiontopology, AER hasbeen
extendedto allow convergentanddivergentconnectivity [5,8,9], andhasevenbeenused
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Figure1: (a) Block diagramof IFAT system.Incomingandoutgoingaddress-eventsare
communicatedthroughthe digital I/O port (DIO), with handshakingexecutedby the mi-
crocontroller(MCU). Thedigital-to-analogconverter(DAC) is controlledby theMCU and
providesthe synapticdriving potential(`E' in Figure2) to the integrate-and-�reneurons
(I&F), accordingto thesynapseparametersstoredin memory(RAM). Modi�ed from [18].
(b) Printedcircuit boardintegratingall componentsof theIFAT system.

for functionsin addition to inter-chip communication[10–12]. Within our hardwarear-
ray, all inter-neuroncommunicationis performedusingAER; the absenceof hardwired
connectionsis thefeaturethatallows for recon�gurability.

A few examplesof AER-basedrecon�gurableneuralarraytransceiverscanbefoundin the
literature[8, 9], but our Integrate-and-FireArray Transceiver system(IFAT) differs in its
sizeand�e xibility . With four customaVLSI chips[13] operatingin paralleland128MB
of digital RAM, thesystemcontains9,600neuronsandupto 4,194,304synapses.Because
it wasdesignedfrom the start for generalityandbiological realism,every silicon neuron
implementsa discrete-timeversionof theclassicalbiological “membraneequation”[14],
asimpleconductance-like modelof neuralfunctionthatallows for emulatinganunlimited
numberof synapsetypesby dynamicallyvaryingtwo parameters[13]. By usingamemory-
basedprojective�eld mappingto routeincomingaddress-eventsto differenttargetneurons,
thesystemcanimplementarbitrarily complex network topologies,limited only by theca-
pacityof theRAM.

To demonstratethefunctionalityof theIFAT, wedesignedathree-stagefeed-forwardmodel
of salience-basedattentionandimplementedit entirely on the recon�gurablearray. The
modelis basedonabiologically-plausiblearchitecturethathasbeenusedto explainhuman
visualsearchstrategies[15,16]. Unlikeprevioushardwareimplementations(e.g.[17]), we
usea multi-chip systemandperformall computationswith spikingneurons.Thenetwork
acceptsspikesfrom anaddress-eventimagerasinputs,computesspatialderivativesof light
intensityasameasureof local informationcontent,identi�es regionsof highsalience,and
foveatesa locationof interestby reducingthe resolutionin thesurroundingareas.These
capabilitiesareusefulfor smart,low-bandwidth,wide-anglesurveillancenetworks.

2 Hardware

From the perspective of an external device, the IFAT system(Figure 1) operatesas an
AER transceiver, bothreceiving andtransmittingspikesover a bidirectionaladdress-event
(AE) bus. Internally, incomingeventsareroutedto any numberof integrate-and-�re(I&F)
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Figure 2: Silicon neuron. The “general-purpose”synapseis shown inside the dashed
box [13], with eventgenerationcircuitry shown right [9].

neuronsaccordingto a look-up table storedin RAM. When the inputs are suf�cient to
causeaneuronto spike,theoutputis eitherdirectedto otherinternalneurons(for recurrent
networks)or to anexternaldevicevia theAE bus.Thefollowing two sectionswill describe
thesystemandsiliconneuronsin moredetail.

2.1 The IFAT system

A blockdiagramof theIFAT systemandits physicalimplementationareshown in Figure1.
Theprimarycomponentsarea100MHz FPGA(Xilinx XC2S100PQ208),128MB of non-
volatile SRAM (TI bq4017),a high-speedDAC (TI TLC7524CN),a 68-pin digital I/O
interface(DIO), and4 customaVLSI chipsthat implementa total of 9,600I&F neurons.
The FPGA controlsaccessto both an internal and external AE bus, and communicates
address-eventsbetweenboth the I&F neuronsandexternaldevicesin bit-parallelusinga
four-phaseasynchronoushandshakingscheme.

The 128 MB of RAM is arrangedasa 4 MB � 32 array. Each32-bit entry containsa
completedescriptionof a singlesynapse,specifyingthe postsynaptictarget, the synaptic
equilibriumpotential,andthesynapticweight. Theweight�eld canbefurthersubdivided
into threeparts,correspondingto threewaysin which biologicalneuronscancontrol the
synapticweight(w) [14, p. 91]:

w = npq (1)

wheren is thenumberof quantalneurotransmittersites,p is theprobabilityof neurotrans-
mitter releasepersite,andq is ameasureof thepostsynapticeffectof theneurotransmitter.
In theIFAT system,theFPGAcanimplementp with a simplepseudo-randomnumberal-
gorithm,it cancontroln by sendingmultipleoutgoingspikesfor eachincomingspike,and
it sendsthevalueof q to theI&F neuronchips(seeSection2.2).

Insteadof hardwiredconnectionsbetweenneurons,theIFAT implements“virtual connec-
tions” by serially routing incoming eventsto their appropriatetargetsat a rate of up to
1,000,000eventspersecond.WhentheIFAT receivesanAE from anexternaldevice, the
FPGAobservestheaddress,appendssome“chip identi�er” (CID) bits, andstoresthere-
sultingbinarynumberasabase address . It thenaddsadditionaloffset bits to form
a complete22-bit RAM address,which it usesto look up a set of synapticparameters.
After con�guring q andinstructingthe DAC to producethe analogsynapticequilibrium
potential,the FPGA activatesa target neuronby placing its addresson the internal AE
busandinitiating asynchronoushandshakingwith theappropriateI&F chip. It thenincre-
mentstheoffset by oneandrepeatstheprocessfor thenext synapse,stoppingwhenit
seesa reserved codeword in the data�eld. Recurrentconnectionscanbe implemented
simply by appendinga differentCID to eventsgeneratedby the on-boardI&F neurons,
while connectionsto externaldevicesareachievedby specifyingtheappropriateCID for
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Figure3: (a)Datacollectedfrom oneneuronduringoperationof thechip. Thelower trace
illustratesthemembranepotential(Vm ) of asingleneuronin thearrayasaseriesof events
aresentat timesmarkedat thebottomof the�gure. Thesynapticequilibriumpotential(E )
andsynapticweight(W ) aredrawn in thetop two traces.Figurefrom [13]. (b) Integrate-
and-�re chipmicrograph.Thelinear-feedbackshift register(LFSR)implementsa pseudo-
randomelementfor resolvingarbitrationcon�icts. Modi�ed from [13].

the postsynaptictarget. With this infrastructure,arbitrarypatternsof connectivity canbe
implemented,limited only by thememory's capacity.

2.2 Integrate-and-Fire Neurons

As describedabove,theIFAT systemincludesfour customaVLSI chips[13] thatcontaina
totalof 9,600integrate-and-�reneurons.All theneuronsareidenticalandeachimplements
a simpleconductance-like modelof a single,“generalpurpose”synapseusinga switched-
capacitorarchitecture(Figure2). The synapseshave two internalparametersthat canbe
dynamicallymodulatedfor eachincomingevent: the synapticequilibrium potential(E )
and the synapticweight (W0-W2). Valuesfor both parametersare storedin RAM; the
3-bit q is usedby theFPGAto selectively enablebinary-sizedcapacitorsC0-C2,while E
is convertedto an analogvalueby the DAC. By varying theseparameters,it is possible
to emulatea largenumberof differentkindsof synapsesimpingingon thesamecell. An
exampleof oneneuronin operationis shown in Figure3a.

A micrographof theintegrate-and-�rechipis shown in Figure3b. Incomingaddress-events
aredecodedandsentto the appropriateneuronin the 60 � 40 array. Whena neuron's
membranepotentialexceedsan externally-provided thresholdvoltage,it requestsservice
from theperipheralarbitrationcircuitry. After requestis acknowledged,theneuronis re-
setand its addressis placedon the IFAT system's internalAER bus. Con�icts between
simultaneouslyactive neuronsareresolved by a novel arbitrationschemethat includesa
pseudo-randomelementon-chip[19].

3 Experimental Designand Results

To demonstratethefunctionalityof theIFAT system,wedesignedandimplementedathree-
stagenetwork for salience-basedfoveation[16] of an address-event imager. This work
is motivatedby the fact that wide-angleimagesensorsin a monitoring sensornetwork



(a) (b)

Figure4: (a)Testimage.(b) Outputfrom OctopusRetina.

extracta largequantityof datafrom theenvironment,mostof which is irrelevant.Because
bandwidthis limited anddatatransmissionis energy-intensive, it is desirableto reducethe
amountof informationsentover the communicationchannel. Therefore,if a particular
region of thevisual �eld canbe identi�ed ashaving high salience,thatpart of the image
canbe selectively transmittedwith high resolutionandthe surroundingscenecanbe be
compressed.

The input to the �rst stageof the network is a streamof address-eventsgeneratedby an
asynchronousimagercalledthe“OctopusRetina”(OR)[1,20]. TheORcontainsa60� 80
arrayof light-sensitive “neurons”thateachrepresentlocal light intensityasaspike rate.In
otherwords,pixelsthatreceive a lot of light spike morefrequentlythanthosethatreceive
a little light. For theseexperiments,we collected100,000eventsfrom the OR over the
courseof aboutonesecondwhile it wasviewing a grayscalepicturemountedon a white
background.ThetestimageandORoutputareshown in Figure4.

To identify candidateregionsof salience,the �rst stageof the network is con�gured to
computelocal changesin contrast. Every 2 � 2 block of pixels in the OR corresponds
to four neuronson the IFAT that respondto light-to-dark or dark-to-light transitionsin
therightwardor downwarddirection(Figure5a). EachIFAT cell computeslocal changes
in contrastdueto a receptive �eld (RF) that spansfour OR pixels in either the horizon-
tal or vertical dimension,with two of its inputsbeingexcitatory andthe othertwo being
inhibitory. Whena given IFAT cell's RF falls on a region of visual spacewith uniform
brightness,all of theOR pixelsprojectingto thatcell will have thesamemean�ring rate,
so the excitatory andinhibitory inputswill cancel. However, if a cell's excitatory inputs
areexposedto high light intensityandits inhibitory inputsareexposedto low light inten-
sity, thecell will receive moreexcitatoryinputsthaninhibitory inputsandwill generatean
outputspike train with spike frequency proportionalto thecontrast.Theoutputfrom the
4,800IFAT neuronsin the�rst stageof thenetwork in responseto theOR input is shown
in Figure5b.

The secondstageof processingis designedto pool inputs from neighboringcontrast-
sensitive cells to identify locationsof high salience. Our underlyingassumptionis that
regionsof interestwill containmoredetail thantheir surroundings,producinga largeout-
put from the �rst stage.Blocks of 8 � 8 IFAT cells from the �rst stageprojectto single
cellsin thesecondstage,andeach8 � 8 regionoverlapsthenext by 4 neurons(Figure6a).
Therefore,every IFAT cell in thesecondstagehasan8 � 8 RF. Althoughit is not neces-
saryto normalizethe�ring ratesof the�rst andsecondstages,becauseeverysecondstage
IFAT cell receives64 inputs,we reducethestrengthof thesynapticconnectionsbetween
thetwo stagesto conservebandwidth.Theoutputfrom the300IFAT neuronsin thesecond
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Figure 5: (a) Stage1 network for computinglocal changesin contrast. Squaresin the
centerrepresentORpixels.CirclesrepresentIFAT neurons.Excitatorysynapsesarerepre-
sentedby triangles,andinhibitory synapsesascircles. Only four IFAT neuronswith non-
overlappingreceptive �elds areshown for clarity. (b) Outputof stage1, asimplementedon
theIFAT, with Figure4b from theORasinput.

stageof thenetwork in responseto theoutputfrom the �rst stageIFAT neuronsis shown
in Figure6b.

The�nal stageof processingmodulatesthespatialacuityof theoriginalimageto reducethe
resolutionoutsidetheregion of highestsalience.This is achievedby a foveationnetwork
thatpoolsinputsfrom neighboringpixelsusingoverlappingGaussiankernels(Figure7a)
[18]. The shapeof the kernel functionsis implementedby varying the synapticweight
andsynapticequilibriumpotentialbetweenOR neuronsandIFAT cells in the third stage:
within every pooledblock, thestrongestconnectionsoriginatefrom thecenterpixelsand
theweakestconnectionscomefrom theoutermostpixels. Insteadof physicallymoving the
ORimagerto centerthefoveaontheregionof interest,werelocatethefoveaby performing
simplemanipulationsin theaddressdomain. First, the addressspaceof incomingevents
is enlarged beyond the rangeprovided by the OR and the fovea is centeredwithin this
virtual visual�eld (Figure7a).Then,therow andcolumnaddressof thesecondstageIFAT
neuronwith the largestoutput is subtractedfrom the addressof the centerof the fovea,
andthe result is storedasa constantoffset. This offset is thenaddedto the addressesof
all incomingeventsfrom theOR, resultingin a shift of theOR imagein thevirtual visual
�eld so that the foveawill be positionedover the region of highestsalience.The output
from the 1,650IFAT neuronsin the third stagenetwork is shown in Figure7b. With a
32� 32pixel high-resolutionfovea,thenetwork allowsfor a66%reductionin thenumber
of address-eventsrequiredto reconstructtheimage.

4 Conclusion

We have demonstrateda multi-chip neuromorphicsystemfor performingsaliency-based
spatialacuitymodulation.An asynchronousimagerprovidestheinput andcommunicates
with a recon�gurablearrayof spikingsilicon neuronsusingaddress-events.Theresulting
outputis usefulfor ef�cient spatialandtemporalbandwidthallocationin low-powervision
sensorsfor wide-anglevideosurveillance.Futurework will concentrateon extendingthe
functionalityof themulti-chip systemto performstereoprocessingon address-eventdata
from two imagers.
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Figure6: (a) Stage2 network for computinglocal changesin contrast.Blocks of 8 � 8
IFAT neuronsfrom stage1 (shown asregionsalternatelyshadedwhite andgray) project
to singleIFAT neuronsin stage2 (not shown). Blocksareshown asnon-overlappingfor
clarity. (b) Outputof stage2, asimplementedon theIFAT, with Figure5b from stage1 as
input.
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