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Abstract

We have constructeda systemthat usesan array of 9,600spiking sili-
con neurons,a fastmicrocontroller and digital memory to implement
a recon gurablenetwork of integrate-and- reneurons. The systemis
designedfor rapid prototypingof spiking neuralnetworks that require
high-throughputommunicatiorwith external address-&ent hardware.
Arbitrary network topologiescan be implementedby selectvely rout-
ing address-gentsto speci ¢ internalor externaltamgetsaccordingto a
memory-basegrojectve eld mapping.Theutility andversatilityof the
systemis demonstratedby con guring it asa three-stagaetwork that
acceptsnputfrom anaddress-entimager detectssalientregionsof the
image,andperformsspatialacuity modulationarounda high-resolution
foveathatis centerednthelocationof highestsalience.

1 Intr oduction

The goal of neuromorphicengineerings to designlarge-scalesensoryinformation pro-
cessingsystemghatemulatethe brain. In mary biologicalneuralsystemstheinformation
receved by a sensoryorgan passeshroughmultiple stageof neuralcomputationdefore
a judgmentis made. A corvenientway to study this functionality is to designseparate
chipsfor eachstageof processing@ndconnecthemwith afastdatabus. However, it is not
alwaysadvisableto fabricatea new chip to testa hypothesisregardinga particularneural
computationandsoftware modelsof spiking neuralnetworks cannottypically executeor
communicatewith externaldevicesin real-time. Therefore we have designedspecialized
hardwarethatimplementsa recon gurablearrayof spiking neurongor rapid prototyping
of large-scalsmeuralnetworks.

Neuromorphicsensorscan generateup to millions of spikes per second(see,e.g.,[1]),

S0 a propercommunicatiorprotocolis requiredfor multi-chip systems.“Address-Eent
Representation{AER) was developedfor this purposeover a decadeago and hassince
becomethe common“language”of neuromorphiachips[2—7]. The centralideaof AER

is to usetime-multiplexing to emulateextensve connecwity betweemeurons.Although
it wasoriginally proposedo implementa one-to-oneconnectiortopology AER hasbeen
extendedto allow corvergentanddivergentconnectvity [5, 8,9], andhaseven beenused
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Figure1: (a) Block diagramof IFAT system.Incomingandoutgoingaddress-eentsare
communicatedhroughthe digital I/O port (DIO), with handshakingxecutedby the mi-

crocontrollefMCU). Thedigital-to-analogconverter(DAC) is controlledby theMCU and
providesthe synapticdriving potentialCE' in Figure 2) to the integrate-and- reneurons
(I&F), accordingo thesynaps@arameterstoredin memory(RAM). Modi ed from [18].

(b) Printedcircuit boardintegratingall component®f the IFAT system.

for functionsin additionto inter-chip communicationN10-12]. Within our hardware ar-
ray, all inter-neuroncommunications performedusing AER; the absenceof hardwired
connectionss thefeaturethatallows for recon gurability.

A few examplesof AER-basedecon gurableneuralarraytranscererscanbefoundin the
literature[8, 9], but our Integrate-and-FiréArray Transceter system(IFAT) differsin its
sizeand e xibility. With four customaVLSI chips[13] operatingin paralleland128 MB
of digital RAM, the systencontains9,600neuronsandupto 4,194,304ynapsesBecause
it wasdesignedrom the startfor generalityandbiological realism,every silicon neuron
implementsa discrete-timeversionof the classicalbiological “membraneequation”[14],
asimpleconductance-lie modelof neuralfunctionthatallows for emulatinganunlimited
numberof synapsaypesby dynamicallyvaryingtwo parameterfl 3]. By usingamemory-
basedrojectve eld mappingto routeincomingaddress-eentsto differenttargetneurons,
the systemcanimplementarbitrarily complex network topologiesimited only by the ca-
pacity of the RAM.

To demonstratéhefunctionalityof thelFAT, we designedhthree-stagéeed-forvardmodel
of salience-basedttentionandimplementedt entirely on the recon gurablearray The

modelis basednabiologically-plausiblearchitecturehathasbeenusedto explainhuman
visualsearclstratgies[15,16]. Unlike previoushardwareimplementationge.g.[17]), we

usea multi-chip systemandperformall computationsvith spiking neurons.The network

acceptspikesfrom anaddressseentimagerasinputs,computespatialderivativesof light

intensityasa measuref localinformationcontent,denti es regionsof high salienceand
foveatesa locationof interestby reducingthe resolutionin the surroundingareas.These
capabilitiesareusefulfor smart,low-bandwidth wide-anglesureillancenetworks.

2 Hardware

From the perspectie of an external device, the IFAT system(Figure 1) operatesas an
AER transcever, bothreceving andtransmittingspikesover a bidirectionaladdress-eent
(AE) bus. Internally incomingeventsareroutedto any numberof integrate-and- re(1&F)



Figure 2: Silicon neuron. The “general-purpose’synapseis shavn inside the dashed
box [13], with eventgeneratiortircuitry shovn right [9].

neuronsaccordingto a look-up table storedin RAM. Whenthe inputs are sufcient to
causea neuronto spike, the outputis eitherdirectedto otherinternalneurongfor recurrent
networks)or to anexternaldevice via the AE bus. Thefollowing two sectionswill describe
the systemandsilicon neuronsgn moredetail.

2.1 ThelFAT system

A blockdiagramof thelFAT systemandits physicalimplementatiorareshavnin Figurel.
Theprimarycomponentsirea 100MHz FPGA(Xilinx XC2S100PQ208)128MB of non-
volatile SRAM (T1 bg4017),a high-speedDAC (Tl TLC7524CN),a 68-pin digital 1/0
interface(DIO), and4 customaVLSI chipsthatimplementa total of 9,600I&F neurons.
The FPGA controlsaccesdo both an internal and external AE bus, and communicates
address-eentsbetweerboththe I&F neuronsandexternaldevicesin bit-parallelusinga
four-phaseasynchronoubandshakingcheme.

The 128 MB of RAM is arrangedasa 4 MB 32 array Each32-bit entry containsa
completedescriptionof a single synapsespecifyingthe postsynaptid¢arget, the synaptic
equilibrium potential,andthe synapticweight. Theweight eld canbefurthersubdvided
into threeparts,correspondingdo threewaysin which biological neuronscancontrol the
synapticweight(w) [14, p. 91]:

w = npq 1)

wheren is the numberof quantalneurotransmittesites,p is the probability of neurotrans-
mitter releasepersite,andq is ameasuraf the postsynaptieffect of theneurotransmitter
In the IFAT systemthe FPGA canimplementp with a simplepseudo-randomumberal-
gorithm, it cancontroln by sendingmultiple outgoingspikesfor eachincomingspike,and
it sendghevalueof qto thel&F neuronchips(seeSection2.2).

Insteadof hardwiredconnectionbetweemeuronsthe IFAT implements'virtual connec-
tions” by serially routing incoming eventsto their appropriatetargetsat a rate of up to
1,000,000eventspersecond.Whenthe IFAT recevesan AE from anexternaldevice, the
FPGA obseresthe addressappendsome“chip identi er” (CID) bits, andstoresthe re-
sultingbinarynumberasabase address . It thenaddsadditionaloffset  bitsto form
a complete22-bit RAM addresswhich it usesto look up a setof synapticparameters.
After con guring g andinstructingthe DAC to producethe analogsynapticequilibrium
potential,the FPGA activatesa target neuronby placingits addresson the internal AE
busandinitiating asynchronoulandshakingvith the appropriatd&F chip. It thenincre-
mentsthe offset by oneandrepeatghe procesdor the next synapsestoppingwhenit
seesa resered codeword in the data eld. Recurrentconnectionscanbe implemented
simply by appendinga differentCID to eventsgeneratedy the on-boardI&F neurons,
while connectiongo externaldevicesare achieved by specifyingthe appropriateCID for
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Figure3: (a) Datacollectedfrom oneneuronduringoperationof thechip. Thelowertrace
illustratesthe membrangootential(Vy, ) of asingleneuronin thearrayasa seriesof events
aresentattimesmarkedatthebottomof the gure. Thesynapticequilibriumpotential(E)
andsynapticweight (W) aredrawvn in thetop two traces.Figurefrom [13]. (b) Integrate-
and- re chip micrograph.Thelinearfeedbackshift register(LFSR)implementsa pseudo-
randomelementor resolvingarbitrationcon icts. Modi ed from[13].

the postsynapti¢arget. With this infrastructure arbitrary patternsof connectvity canbe
implementedlimited only by the memorys capacity

2.2 Integrate-and-Fire Neurons

As describedhbove, the IFAT systemincludesfour customaVLSI chips[13] thatcontaina
total of 9,600integrate-and- reneuronsAll theneuronsareidenticalandeachimplements
asimpleconductance-li@ modelof a single,“generalpurpose’synapseisinga switched-
capacitorarchitecturg(Figure 2). The synapsesave two internalparametershat canbe
dynamicallymodulatedfor eachincomingevent: the synapticequilibrium potential(E)
and the synapticweight (W0-W2). Valuesfor both parametersre storedin RAM; the
3-bit g is usedby the FPGAto selectvely enablebinary-sizedcapacitorsC0-C2,while E
is corvertedto an analogvalue by the DAC. By varying theseparametersit is possible
to emulatea large numberof differentkinds of synapse@mpinging on the samecell. An
exampleof oneneuronin operations shawvn in Figure3a.

A micrograplof theintegrate-and- rechipis shavnin Figure3b. Incomingaddress-&nts
are decodedand sentto the appropriateneuronin the 60 40 array Whena neurons

membranepotentialexceedsan externally-pravided thresholdvoltage, it requestservice
from the peripheralarbitrationcircuitry. After requests acknavledged,the neuronis re-

setandits addresss placedon the IFAT systems internal AER bus. Con icts between
simultaneoushactive neuronsareresolhed by a novel arbitrationschemehatincludesa

pseudo-randoralementon-chip[19].

3 Experimental Designand Results

To demonstratéhefunctionalityof theIFAT systemwe designedgindimplementedthree-
stagenetwork for salience-basetbveation[16] of an address~eentimager This work
is motivated by the fact that wide-angleimage sensorsn a monitoring sensometwork
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Figure4: (a) Testimage.(b) Outputfrom OctopusRetina.

extractalarge quantityof datafrom the ervironment,mostof whichis irrelevant. Because
bandwidthis limited anddatatransmissions enegy-intensve, it is desirableo reducethe

amountof information sentover the communicationchannel. Therefore,if a particular
region of the visual eld canbeidenti ed ashaving high saliencethat part of theimage

canbe selectvely transmittedwith high resolutionandthe surroundingscenecan be be

compressed.

The input to the rst stageof the network is a streamof address-eentsgeneratedy an
asynchronousnagercalledthe“OctopusRetina”(OR)[1,20]. TheORcontainsa60 80
arrayof light-sensitve “neurons”thateachrepresentocal light intensityasa spike rate.In
otherwords, pixelsthatreceve alot of light spike morefrequentlythanthosethatreceve
a little light. For theseexperimentswe collected100,000eventsfrom the OR over the
courseof aboutonesecondwhile it wasviewing a grayscalepicture mountedon a white
backgroundThetestimageandOR outputareshowvn in Figure4.

To identify candidateregions of saliencethe rst stageof the network is con gured to
computelocal changesn contrast. Every 2 2 block of pixelsin the OR corresponds
to four neuronson the IFAT that respondto light-to-dark or dark-to-light transitionsin
therightward or downward direction(Figure5a). EachlFAT cell computedocal changes
in contrastdueto areceptve eld (RF)thatspansfour OR pixelsin eitherthe horizon-
tal or vertical dimension,with two of its inputs being excitatory andthe othertwo being
inhibitory. Whena given IFAT cell's RF falls on a region of visual spacewith uniform
brightnessall of the OR pixels projectingto thatcell will have the samemeanring 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 receve moreexcitatoryinputsthaninhibitory inputsandwill generaten
outputspike train with spike frequeng proportionalto the contrast. The outputfrom the
4,800IFAT neurondn the rst stageof the network in responseo the OR inputis shavn
in Figure5h.

The secondstageof processings designedto pool inputs from neighboringcontrast-
sensitve cells to identify locationsof high salience. Our underlyingassumptionis that
regionsof interestwill containmoredetailthantheir surroundingsproducinga large out-
put from the rst stage.Blocksof 8 8 IFAT cellsfrom the rst stageprojectto single
cellsin thesecondstageandeach8 8 region overlapsthenext by 4 neurongFigure6a).
Therefore gvery IFAT cell in thesecondstagehasan8 8 RE Althoughit is not neces-
saryto normalizethe ring ratesof the rst andsecondstagesbecause&very secondstage
IFAT cell receives 64 inputs,we reducethe strengthof the synapticconnectiondbetween
thetwo stagego consere bandwidth.Theoutputfrom the 3001FAT neuronsn thesecond
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Figure5: (a) Stagel network for computinglocal changesn contrast. Squaresn the
centerepresenOR pixels. CirclesrepresentFAT neurons Excitatorysynapsesarerepre-
sentedby triangles,andinhibitory synapsesscircles. Only four IFAT neuronswith non-
overlappingreceptive elds areshavn for clarity. (b) Outputof stagel, asimplementedn
the IFAT, with Figure4b from the OR asinput.

stageof the network in responseo the outputfrom the rst stagelFAT neuronss shovn
in Figure6h.

The nal stageof processingnodulateshespatialacuityof theoriginalimageto reducethe
resolutionoutsidethe region of highestsalience.This is achiezed by a foveationnetwork

that poolsinputsfrom neighboringpixels usingoverlappingGaussiarkernels(Figure 7a)
[18]. The shapeof the kernelfunctionsis implementedby varying the synapticweight
andsynapticequilibrium potentialbetweenOR neuronsand IFAT cellsin the third stage:
within every pooledblock, the strongestonnectionsriginatefrom the centerpixels and
thewealestconnectiongomefrom the outermospixels. Insteadof physically moving the
ORimagerto centerthefoveaontheregion of interestwe relocatehefoveaby performing
simple manipulationsn the addresslomain. First, the addresspaceof incomingevents
is enlaged beyond the rangeprovided by the OR andthe foveais centeredwithin this
virtual visual eld (Figure7a). Then,therow andcolumnaddres®f thesecondstagelFAT

neuronwith the largestoutputis subtractedrom the addressof the centerof the fovea,
andthe resultis storedasa constaniffset. This offsetis thenaddedto the addressesf

all incomingeventsfrom the OR, resultingin a shift of the OR imagein the virtual visual
eld sothatthe foveawill be positionedover the region of highestsalience. The output
from the 1,6501FAT neuronsin the third stagenetwork is shavn in Figure 7b. With a
32 32pixel high-resolutiorfovea,the network allows for a66%reductionin thenumber
of address-eentsrequiredto reconstructheimage.

4 Conclusion

We have demonstrateé multi-chip neuromorphicsystemfor performingsalieng-based
spatialacuity modulation.An asynchronougnagerprovidesthe inputandcommunicates
with arecon gurablearrayof spikingsilicon neuronausingaddress-eents. The resulting
outputis usefulfor ef cient spatialandtemporabandwidthallocationin low-power vision
sensordor wide-anglevideo suneillance. Futurework will concentraten extendingthe
functionality of the multi-chip systemto performstereoprocessingn address-@ntdata
from two imagers.
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Figure6: (a) Stage2 network for computinglocal changesn contrast.Blocksof 8 8
IFAT neuronsfrom stagel (shavn asregionsalternatelyshadedwhite and gray) project
to singleIFAT neuronsn stage? (not shavn). Blocks are shavn asnon-overlappingfor
clarity. (b) Outputof stage2, asimplementecn the IFAT, with Figure5b from stagel as
input.

Acknowledgments

This work was partially fundedby NSF Awards#0120369#9896362 and [1S-0209289;
ONR Award#N00014-99-1-0612anda DARPA/ONR MURI #N00014-95-1-0409Addi-
tionally, RJV is supportedby anNSF GraduateResearchrellovship.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

&)

E. Culurciello,R. Etienne-CummingsandK. A. Boahen? biomorphicdigitalimagesensof
|IEEE J. Solid-StateCircuits, vol. 38,n0.2, 2003.

M. Sivilotti, Wiring consideations in analagy VLSI systems,with application to eld-
programmablenetworks PhDthesis,Californialnstituteof TechnologyPasadenaCA, 1991.

M. Mahowald, An analay VLSIsystenfor stereoscopiwision Boston,MA: Kluwer Academic
Publishers1994.

J.LazzaroJ. Wawrzynek,M. Mahowald, M. Sivilotti, andD. Gillespie,2Siliconauditorypro-
cessorsaas computerperipheral$, IEEE Trans.Neural Networks vol. 4, no. 3, pp. 523528,
1993.

K. A. Boahen2Point-to-pointonnectvity betweemeuromorphichipsusingaddressvents?
IEEE Trans.Circuits& Systemdl, vol. 47,n0.5, pp.416+434,2000.

C. M. HigginsandC. Koch, 2Multi-chip neuromorphianotion processing,in Proc. 20th An-
niversary Confeenceon AdvancedReseath in VLSI (D. S. Wills andS. P. DeWeerth,eds.),
(Los Alamitos, CA), pp.309+323JEEE ComputerSociety 1999.

S.-C.Liu, J.Kramer G. Indiveri, T. Delbriick, andR. Douglas,2Orientation-selecte aVLSI
spikingneurons,in Advancesn Neuml InformationProcessingSystemd4 (T. G. Dietterich,
S.Becker, andZ. Ghahramanieds.),CambridgeMA: MIT Press2002.

G. Indiveri, A. M. Whatley, andJ. Kramer %A recon®gurableneuromorphic/LSI multi-chip
systemappliedto visualmotioncomputatior?,in Proc. MicroNeun'99, Apr. 1999.

D. H. Goldbeg, G. Cauwenbeaghs,andA. G. Andreou,2Probabilisticsynapticweightingin a
recon®gurablaetwork of VLSI integrate-and-®reeurongd,Neual Networksvol. 14,no.6-7,
pp-781+7932001.



(@) (b)

Figure7: (a) Stage3 foveationnetwork. The32 32 pixel high-resolutiorfovea(center)
is surroundedby lowerresolutionareaswhere2 2,4 4, and8 8 blocksof OR
neurons(shavn asnon-overlappingfor clarity) projectto single IFAT cells. The address
spacefor inputsto the foveationnetwork is 128  128.[18]. (b) Outputof stage3, as
implementedn theIFAT, with thefoveacenteredn thelocationwith the maximum ring
ratein Figure6b, from stage2. Peripherapixelsthatreceve noinputarenotshavn.

[10] S.R.Deiss,R.J.DouglasandA. M. Whatley, A pulse-codedommunicationsnfrastructure
for neuromorphicsystems,in PulsedNeural Networks(W. Maassand C. M. Bishop, eds.),
pp.-157+178 CambridgeMA: MIT Press1999.

[11] M. Mahowald andR. Douglas?A silicon neurorf, Nature, vol. 354,pp.515+518,1991.

[12] R.J.VogelsteinF. TenoreR. Philipp,M. S.Adlerstein,D. H. Goldbeg, andG. Cauwenbeghs,
aSpile timing-dependenplasticity in the addressiomain? in Advancesn Neural Information
ProcessingSystemd5 (S. Becler, S. Thrun,andK. Obermayereds.),Cambridge MA: MIT
Press2003.

[13] R. J.Vogelstein,U. Mallik, and G. Cauwenbeghs, 2Silicon spike-basedsynapticarray and
address~enttransceier? in Proc.ISCAS'04 vol. 5, (Vancouer, BC), pp. 385+388,2004.

[14] C. Koch, Biophysicsof Computation:Information Processingn SingleNeuons New York,
NY: Oxford University Press1999.

[15] C. KochandS. Uliman, aShiftsin selectie visual attention: towardsthe underlyingneural
circuitry? HumanNeumobiology, vol. 4, pp.219+2271985.

[16] L. Itti, E. Niebur, andC. Koch,%A modelof salieng-basedastvisualattentionfor rapidscene
analysi®, |IEEE Trans.PatternAnalysis& Machinelntelligence vol. 20,n0.11,pp.1254+1259,
1998.

[17] T. Horiuchi, T. Morris, C. Koch, and S. P. DeWeerth,3Analog VLSI circuits for attention-
basedyisualtracking? in Advancesn Neurl InformationProcessingSystems$, pp. 706712,
CambridgeMA: MIT Press]1997.

[18] R.J.VogelsteinU. Mallik, E. Culurciello,G. Cauwenbeaghs,andR. Etienne-Cumming$Spa-
tial acuitymodulationof anaddress~entimager in ICECS'04 2004.

[19] R.J.Vogelstein,U. Mallik, and G. Cauwenbaghs,2Recon®gurablsilicon array of spiking
neuron$,IEEE Trans.Neural Networks 2005. (Submitted).

[20] E. Culurciello, R. Etienne-Cummingsand K. Boahen 2Secondyenerationof high dynamic
range,arbitrateddigital imager® in Proc. ISCAS'04 vol. 4, (Vancouer, BC), pp. 828+831,
2004.



