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ABSTRACT

We presentan analogVLSI address-eent transcerer containing
anarrayof integrate-and-firmeuronsanda schemeor implement-

ing a reconfigurableneuralnetwork with probabilisticsynapses.

Neural “spikes” are transmittedthrough address-&ent represen-
tation—theaddres®f thesendingneuronis communicatedhrough
anasynchronougsequestandacknavledgmentcycle. Continuous-
valuedsynaptioweightsareimplementedy probabilisticallyrout-

ing addressvents. Resultsfrom a prototypesystemwith 1,024

analogVLSI integrate-and-firemeuronsgachwith upto 128 prob-

abilistic synapsesdemonstrateheseconceptsin an image pro-

cessingapplication.

1. INTRODUCTION

Thebrain’s remarkableability to processnformationin a parallel
anddistributed manneris enabledby its massiely connectedar-
chitecture. Unfortunately the extensive connectiity of the brain
is impossibleto directly implementin VLSI dueto thelimitations
of connectiity within andbetweenmicrochips. Thereis another
characteristiof neuralsystemshowever, thatenableaisto over-
comethis problem. Neuronsrepresentheir activity asactionpo-
tentialsor “spikes”—continuous-timediscrete-alue signals. We
cantake adwantageof thetemporallysparsenatureof spike coding
andthehigh bandwidthof VLSI systemgo overcomethe connec-
tivity problemby time-multiplexing signalsfrom mary connec-
tionson the samedatabus.

Address-gentrepresentatiofAER) is a communicatiorpro-
tocolthatusedime-multiplexing to emulateaxtensve connectiity
[1] (Fig. 1). We have anarrayof cellsthatencodeheir actiity in
theform of spikes(the senderlandwe wantto transmittheseac-
tivities to anotherarray of cells (the recever). The “brute force”
approachwould beto useonewire for eachpair of cells,requiring
N wiresfor N cell pairs. In an AER system,however, the loca-
tion of a spike on the senderis encodedas an addresswhich is
sentacrossa shareddatabus. The recever decodeghe address
andreconstructshe senders actiity. HandshakingsignalsREQ
andACK arerequiredto ensurethatonly onecell pair is usingthe
databus at a time. This schemereduceshe requirednumberof
wires from N to ~log,N. Two piecesof information uniquely
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identify a spike: its location,whichis explicitly encodedasanad-
dressandthetime thatit occurswhich neednot be explicitly en-
codedbecauseaime representdself. The encodedspike is called
anaddress-eent(AE).
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Figure 1: Address-gent representation.Senderevents are en-
codedinto anaddresssentover the bus,anddecoded Handshak-
ing signalsREQ andACK arerequiredto ensurethatonly onecell
pairis communicatingat atime. Notethatthetime axisgoesfrom
right to left.

AER implementsa one-to-oneconnectiorntopology which is
appropriatefor emulatingthe optic andauditorynenes|1, 2]. To
implementmore comple neural circuits, corvergent and diver
gentconnectionarerequired.Severalauthorshave discusseénd
implementednethodsof enhancinghe connectiity of AER sys-
temsto this end[3, 4, 5, 6]. Thesemethodscall for a memory-
basedorojective field mappingwhich enableghe projectionof an
address~entto multiple recever locations.

In this paper we proposea schemehatemploy/s probabilistic
synapticweightingin conjunctionwith AER andanintegrate-and-
fire transcerer to implementreconfigurabl@euralarchitecturegn
VLSI. After introducingthe schemeywe explore sometheoretical
issueshatarisein integrate-and-firmeuralnetworks with proba-
bilistic synapseskinally, we describeahardwarerealizationof the
schemeandreportresultsfrom the prototypesystemfor animage
processindgask.

2. ADDRESSDOMAIN COMPUTATION

We augmentthe traditional AER systemto createa scalable re-
configurablearchitecturehatis sufficientfor implementingawide
range of network topologies. We map a two-layer neural net-
work to the AER framewvork by meansof a look-up table circuit
(Fig. 2). Eachrow in the table correspondgo a single synaptic



connection—itcontaingnformationaboutthe sendefocation,the
recever location, andthe weight of the connection(polarity and
magnitude).A sendercell cantransmitto multiple recever cells,
enablingcorvergent and divergent connections. A circuit inter-
pretstheweightof aconnectiorasthe probability thatthe AE will
betransmittedrom the sendercell to therecever cell.
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Figure2: Mappingof a two-layernetwork into an AE look-upta-
blewith transmissiomprobabilities.In thisexample sended sends
an AE. An inhibitory AE is transmittedto recever 0 with 100%
probability andthenan excitatory AE is transmittedto recever
2 with 50% probability In the implementationthe synapticcon-
nectiontable is storedin a random-accessiemory(RAM). The
first two columnscomprisethe memoryaddressandthe remain-
ing columnscomprisethe memorydata.

Therecever consistof cellsthatintegrateAEs from multiple
locations.Eachcell hasa potentialthatchangeswvith actiity. An
excitatory (inhibitory) AE causedhe potentialto be incremented
(decremented)The potentialis initialized to zeroand cannotgo
belav zero;whenthe potentialexceedsa threshold the cell sends
an AE asoutputandthe potentialis resetto zero. For this rea-
son,the cells arecalledintegrate-and-fie (IF) cells. Becausehe
IF arrayboth tranganits andreceivesAEs, we call the arrayan IF
transceier.

The combinationof thelook-uptablecircuit andthe IF trans-
ceiver comprisesa modulethat can be connectedoth in series
andin parallelto createlarge-scaleneuralsystems.The connec-
tivity of the modulescanbe reconfiguredy alteringthe contents
of the look-up tables. Synapticplasticity canbe implementedon
thefly by alteringnot only thetransmissiorprobabilities but also
the connectiortopology

3. THEORETICAL ISSUES

Integrate-and-firmmeuralnetworks with probabilisticsynapsesx-
hibit drastically different dynamical propertiesthan neural net-
works that encodetheir synapticweightsandactiities with con-
tinuousvariables(e.g. a McCulloch-Pittsneuralnetwork or other
mean-rateabstraction). Before describingour hardware imple-
mentatiorof anintegrate-and-firmeuralnetwork, we mustaddress
theseissues.

3.1. Statisticsof probabilistic transmission

Probabilisticsynapsebave interestingstatisticalpropertiesWhen
the presynapticspike events are Poissondistributed, the proba-
bilistic transmissiondoesnot alter the statisticsof the actiity.

More formally, if the presynapticactiity is Poissondistributed
andencodedy eventrateA, andthe probabilistictransmissiorns
modeledasaBernoulliproceswith parametew, thepostsynaptic
eventswill bePoissorwith ratewA [7, pp. 47-8]. In otherwords,
theratewill be reduced but the regularity will be unchanged.f
the presynaptieventshave a regularintenal, hawvever, the prob-
abilistic natureof the synapsesvill male the actiity lessregular,
addingstochasticityto the system.

3.2. Rectification dynamicsin integrate-and-fire cells

In a McCulloch-Pitts(MP) neuralnetwork, a rectifying activation
function can modelthe responseof the IF cell to the integrated
synapticcontritutions. In this simplifying model,the outputspike
count, K., is approximatelyproportionalto the rectified differ-
encebetweenthe excitatory spike count K, and the inhibitory
spike countkK,, asgivenby

sKe=K) |
ko | ifKe> K 1)
0 if KE<K|

wheres s the potentialstepsize, 6 is thethresholdand|- | repre-
sentgheflooring operation Eq. 1 tells usthatthethresholdcross-
ing will occuratthe 68/(2p— 1) event,wherep is the probability
of anexcitatoryevent,and1— p is the probability of aninhibitory
event.

In reality, the effect of the IF dynamicson the rectifying re-
sponseis not assimpleasEq. 1 suggests.Becausehe potential
is clampedto zerowheneer the netinput is negative, the order
in which inhibitory andexcitatory eventsarrive matters.By con-
structinga probabilisticmodelof the IF cell, we canestimatethe
effect of dynamicsin the rectificationto first order The stateof
the potentialof the IF cell canbe modeledasa Markov chain,as
depictedn Fig. 3(a). By iteratingthe state-transitiomatrix of the
Markov model,we canempirically determinethe probability dis-
tribution of the potentialstate.In the Markov model,the positive
biasinducedby the rectificationwill causethe thresholdcrossing
onaverageto occurearlier thanin theMP modet. Fig.3(b)shavs
aplot of thedifferencebetweerthethresholdcrossingimesin the
MP modelandthe Markov model, normalizedto the MP model
thresholdcrossingime. Thedifferencebetweerthetwo decreases
asthethresholdincreasesasthe mostlik ely stateof the probabil-
ity distribution hasmoretime to move away from the zero state
(V = 0) whereinhibitory spikescanbelost. Thedifferenceis less
pronouncedvhenthe ratio of excitatory to inhibitory eventsin-
creasesasthis too shiftsthe probability massaway from the zero
state.

4. IMPLEMENT ATION

To demonstrateheseideas, we implementedand testeda pro-

totype system. The systemconsistsof a boardwith a full cus-

tomintegratedcircuit 32 x 32-celladdress-entintegrate-and-fire
transceier, a128kx 16 RAM for storageof theroutingtableand

synapticweights, and a microcontrollerwhich probabilistically
gatesthe transmissiorof AEs and handlesthe handshakingoe-

tweenthetranscerer andthe outsideworld.

1We take the thresholdcrossingtime asthe earliesttime in which the
thresholdstate(V = 6) is the mostlikely state.
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Figure 3: (a) State-transitiordiagramfor a Markov chain model
of the potentialof an IF cell. This modelwasusedto determine
thetime of thresholdcrossing.p is the probabilitythataneventis

excitatory. (b) Comparisorof McCulloch Pitts (MP) andMarkov

modelsfor an IF cell for two valuesof p. They-axis shavs the

differencebetweenrthresholdcrossingtimesin the MP modeland
the Markov model,normalizedo the MP model.

4.1. Address-gentintegrate-and-firetransceiver

Theaddress-eentIF transceterwasdesignedna1.5 x 1.5 mm?
diein a0.5 um, 5 Volt procesgA = 0.3 um). ThelF transceier
receves AEs asinput, integratesthem,andtransmitsAEs asout-
put. Incoming AEs are decodedanddirectedto oneof the 1,024
randomlyaccessibleells. An outputaddres®ncodingsystemin-
dependentlyservicesspiking eventrequestsn the array by scan-
ning rows andthencolumnsfor events,andthensendingoutgoing
AEs.

A schematioof the VLSI IF cell is shavn in Figure4(a). It
containsl4 transistorsindtakesup anareaof 68x 68 A 2. Thecell
hasan~ 88 fF storagecapacitowhichholdsthe potentiaNgrore-
Vstore I8 initialized to Vp, which corresponddo zero stored
voltage.Excitatory(inhibitory) eventsbring Vg o g g towardsGND
(Voo)-

TransistorsM1-M4 sene to selectthe cell and incrementor
decrementhe potentialaccordingly(Fig. 4(b)). WhenRSEL and
RSEL are activated (row selection),the value of CPOL (column
selection)is passedo Vp. M3 andM4 comprisea chage pump
thatinjects chage on or remaves chage from Vgrope Vgp and
Vg biasM3 andM4 in the subthresholdegime. If CPOL = GND
(CPOL = Vpp), M4 (M3) is on and currentflows from (to) the
capacitoy incrementing(decrementingjhe potential. If CPOL =
Vpp/2, the potentialis unchanged The switch injection-freeop-
erationof the chage pumpallows incrementsanddecrementss
smallas50 uV [8].

M5, M6, and M7 (the drain of which is normally connected
to Vgrorg) COmprisea latching comparatar WhenVgroge ap-
proacheshethresholdsetby Vi resy @ndVg as: Veomp iS Pulled
high,turningon M7, which pullsdovnVgore. Thispositive feed-
backforcesVgrogrg to GND.

Veowp drivesthegatesof M12 andM13, whichform the pull-
down of wired-NORgatedor columnandrow, respectiely. When
Veowmp 90€eshigh, RREQ is activated.Whentherow scannefinds
the active RREQ signal, it activatesRSCAN, which in turn acti-
vatesCREQ. Whenthecolumnscannefindstheactive CREQ, an
AE is sentoff the chip. The resettingof Vgroge is controlledby
M8-M11, which comprisea CMOSNOR gatewhereGND is gated
by M7. Whenthe outgoingAE is acknavledged the activation of
RACK andCACK resets/gogg t0 zeropotential,atvoltageVy .

4.2. Address-gentrouting

The IF transceter operatesin conjunctionwith a RAM, which
storesthelook up table,anda microcontroller which probabilisti-
cally gateshetransmissiorof AEs. In our experimentaketup all
of the elementswvere placedon a printedcircuit boardandinter-
facedwith aPC.

The boardis capableof operatingin several modes. In pro-
grammingmode,the contentsof the look-uptableareloadedinto
the RAM andthe network topologyis configuredor reconfigured.
The senderaddressrecever addressessynapticweightsand po-
larities are suppliedby the PC while the microcontrollerscrolls
throughthe synapseéndices(referto Fig. 2).

In feedforward mode, incoming AEs are sentfrom the PC
to the RAM, and the microcontrollerscrolls throughall of the
synapseprojectingfrom the senderaddress.For eachincoming
AE, themicrocontrollergeneratearandomnumberwhichis com-
paredto thesynapticweightmagnitudeslf aweightmagnitudds
largerthantherandomnumbey the eventis projectedto the trans-
ceiver addresshat correspondgo the synapse.Output AEs are
sentfrom thelF transceier to the PC,wherethey arerecorded.

Thesystemcanalsooperatén arecurrenimode whereoutput
AEs areroutedfrom the transceier to the RAM. The RAM then
projectseventsbackto thetranscerer, asbefore. Thefeedforward
andrecurrenimodescanbe combinedo createnetworksthathave
both hiddenunitsandoutputunits.

5. RESULTS AND DISCUSSION

As a proof of concept,we examinedan imagefiltering problem
(Fig. 5). We usedanimagefrom a Matlab(R) demoas our test
image(Fig. 5(a)),anda one-dimensionalaplacianthatenhances
verticaledgesasourfilter ([1 —2 1]). First, we performedsimply
a convolution followed by arectificationusingMatlab (Fig. 5(b)),
implementingthe modeldescribedn Eq. 1. Then,we performed
thefiltering in theaddress-domaiwith ourVVLSI system(Fig. 5(c)).
The numberof times an event was sentfrom a pixel in the in-
put image was proportionalto the pixel’s intensity A total of
~ 1,160 000 events were sent, correspondingo 2,550 for the
brightestinput pixel. Vigesy @ndVgag Weresetto 2.5V and
0.8V, giving a firing thresholdof 1.24V. The excitatory bias
(Vgn) Wassetsuchthat40 spikeswererequiredto reachthreshold.
Theinhibitory bias(Vgp) wastuneduntil the experimentalresults
matchedthatthoseof the rectified convolution. At thatpoint, in-
hibitory eventswere7 timesasstrongasexcitatoryevents.Weran
a detailedMatlab simulationof the systemthat incorporatecthe
probabilistictransmissiorof eventsand the rectifying properties
of the IF cells (Fig. 5(d)). Thethresholdandexcitation/inhibition
ratio weresetto matchthe experimentakystem.

If we considerthe conceptgresentedn Sec.3.2, we cansee
why suchstronginhibition wasrequiredto matchtherectifiedcon-
volutionresults.At athresholdevel of 40 events,the positive bias
in the responsalueto rectificationis significant. Therefore,we
adjustedheinhibitory strengthto counteracthe positive bias. As
shavn in Fig. 3, increasinghethresholdalsomitigatesthis effect,
but this requiresmoretime in orderto geta satishctorynumberof
spikes.

Both the experimentalresults(Fig. 5(c)) and the simulation
results(Fig. 5(d)) displaysomenoiseascomparedo therectified
convolution (Fig. 5(b)). Thisis primarily dueto thequantizatiorof
theoutputintensityto ~ 20 levels. Thereis someminor additional
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Figure4: VLSI integrate-and-fireell. (a) Circuit schematic Seetext for details.(b) Truth tablefor the cell selectiorcircuit.

noisein theexperimentatesultsmainly dueto transistormismatch
in thechage pumpcells.

The experimentran in lessthan 5 minutes,while the simu-
lation ranfor morethan2 hours. The speedof the experimental
systemwaslimited by the responsef the I/O cardin the PCand
the 5 MHz clock speedof the microcontroller The I/O interface
is mainly for purposeof characterizatiomnd acquisition;in ac-
tual applicationgnterfacingwith silicon retinas,silicon cochleas,
or othertranscevers, the slov PC canbe circumwented. The mi-
crocontrollercanbereplacecdby eitheranFPGA or integratedinto
thetransceier for furthergainsin operatingspeed.

6. CONCLUSIONS

We have demonstratethat AER canfacilitatecomputationin ad-
dition to communication.This approactenableghe implementa-
tion of massvely connectedhetworksof integrate-and-fireeurons
in VLSI. We have employed probabilisticsynapticweightingand
memory-basedook-up tablesto implementreconfigurablecon-
nectvity. While theresultshereusedonelook-uptableandtrans-
ceiver, thearchitecturds scalableandis well suitedto multi-chip
systemsMary modulescanpotentiallybe connectedn seriesand
in parallelto implementarge-scalemulti-layeredneuralprocess-
ing systems.

Currentefforts arefocusedon completelyintegratingthe sys-
tem, the assemblyof a multi-modulesystem,investigationof the
potentialfor plasticityandlearningin theaddresslomain,andthe
utilization of codingschemeshatrely on spike timing.
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