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ABSTRACT

In this paperwe describeanapproacHor usingdigit online arith-
meticon thefield of neuralnetwork computation.Digit online,a
serialmostsignificantdigit first arithmetic,shavs significantad-
vantageover all otherdigital implementations.The serial com-
municationbetweerthe onlinemodulesmake theimplementation
of connectionintensive networks feasible. The accurag of the
computationis only loosely coupledwith the chosendigit level
range,which determinethe necessarygountof interconnections.
Furthermoreheaccurag is eligible throughthelengthof the pro-
cessedligit vector Thegoalof this paperis to develop a stratgy
for the implementationof different network models. The com-
parisonwith theresultsof otherimplementationdlustratethe ad-
vantagef the digit online approacheandthe suitability for the
applicationonthefield of neuralnetworks.

1. INTRODUCTION

Artificial neuralnetworks arean excellentexamplefor massiely
paralleldataprocessingTheimplementatiorof fully paralleldata
processings mostlylimited by resourcesvailable.For thisreason
commonlyonly a smallinner loop of the whole dataprocessing
algorithmis implementedwhich was beenpreviously identified
by analysisof the resourcesequiredduring the calculation. To
fulfill the algorithm the operationswill be sequentialprocessed
with assistancey theimplementedsharedesourceThis leadsto
areducedperformancef theresultingsystem.
Thepresente@pproactshavs a possiblesolutionfor this prob-
lemontheareaof neuralnetworks. After ashortdiscussiorof pre-
vious approachesndanintroductionto the basicsof neuralnet-
works anddigit online arithmeticwe will give a surney of neural
networks implementatiorusing digit online arithmeticin section
2. In section3 we will demonstratethe usability of our approach
in someexamples At last,wewill discussurresultsin sectiord.

1.1. Previousapproaches

An overview of differentapproachefor implementingneuralnet-
works canbefound at [1]. Like neuralnetworksthemselesthe
differentimplementatiorapproachesan be classifiedby numer
ouscharacteristipropertiesOntheimplementationevel therep-
resentationand processingof valuesdiffers for the various ap-
proaches.

1.1.1. Analog realizations

Oneof the bestknown analogintegratedneuralnetwork chipsis
the Intel 80170NX[2] which usesEEPROM-cellsto addresghe
main problemof analogimplementationsthe storageof weight

factors. The chip integrates64 analogneuronsand 10260train-
ableweightsandachievesa performanceof 1.3 gigaconnections
persecond GCPS).Theexcellentresultof 80 GCPSby 256 neu-
ronsand8192weightsof the AT&T chip [3] is accomplishedy
sacrificingsomeaccurag in the input and weight vectors. Fur-
thermorepn-chiplearningfunctionalityis notimplementedn this
device.

1.1.2. Digital Implementations

Dueto thewide areaof digitalimplementationsf neuralnetworks
only somerepresentate exampleswill be mentioned Themajor
ity of themimplementthecalculationintensve partof thecomput-
ing algorithmonly. Thereforetheresultsof theanaloganddigital
implementationgredifficult to compareln addition,information
on the numberof multiplicationsandadditionsper seconds sel-
dom available. Examplesof digital implementationg@rethe sys-
tolic arrayapproacHik e the SynapseMA16 [4] andthe SAND/1-
architecturd5]. Both architecturesireusedto speedugphe matrix
operationdik e weight-multiplicationand summationof the acti-
vationsfor a neuralnetwork. Specializedbn the RBF-like (Radial
BasisFunction)theZISC[6] representanuserprogrammablele-
vice for the realizationof neuralnetwork applications.In [7] the
borronv-sare numbersystemhasbeenchosenwhich is onerea-
sonfor the comparatiely low performancef this digit serialap-
proach. The choice of this systemis determinedby the differ-
enttargetarchitecture An otherreasons the limited architecture
to computeonly the functionsfor one neuron,which not conse-
quentlyusethe potentialof theonlinealgorithms.Therealsoexist
hybridimplementationsvhichcombinetheadwantage®f bothim-
plementatiorstyles.

1.2. Neural Networks

Due to the numerouditeratureavailableon principlesandimple-
mentationof neuralnetworkswe outline only thosetopicswhich
arerelevantfor our solution.

Theoperatioronaneuralnetwork canbedividedin generainto
two phasesthetrainingor learningtaskandtheevaluationtask. A
learningphaseis necessarypecausehe fixed storageof weights
for evaluationof the synapticconnectionss unusualandseverely
limits theadaptatiorof the network to changingconditions.Com-
monly, externalmemorysened for storingsomesortof learning
patterns.Thusa differentapplicationrequiresa renaved content
of the patternmemoryonly. In the originalimplementatiorof the
neuronthe activation function decideswvhetheror not the neuron
is activated. Theleadsto aleapfunctionfor the outputandmaps
thepossibleoutputto two discretevalues.ln amultilayernetwork
the weight multiplier of the following neuronscan be simplified



for suchanoutputsignal. Unfortunately this disturbsthe calcula-
tion flow in thenetwork andreduceslsotheinformationaboutthe
strangeof theactivation. Thereforemostlynon-discretactivation
functionsareused.

1.3. Digit Online - MSB first serial arithmetic

Unlike mostother serial arithmeticimplementationgligit online
algorithmsgenerateesultsstartingwith the mostsignificantdigit
first. Thisis possibledueto theredundannhumberrepresentation
emplagyed. For our implementatiorwe prefera signeddigit (SD)
representatiomut carry saze (CS) is alsousable. Simple arith-
meticfunctionslike additionor multiplicationcanbeimplemented
withoutredundantiddersn leastsignificantdigit first manner A
MSD-firstimplementations alsopossiblewhenusingredundant
adders.Higherlevel arithmeticoperationdik e division or square
root are MSD-first algorithmsby natureand can not be trans-
formedto LSD-firstwithoutanextremeperformanceenalty Due
to the resultgeneratiorstartingwith the mostsignificantdigit we
caneasilyintegratethis algorithm. The ideaof digit online algo-
rithms, first presentedn [8], canbe describedor a two operand
examplewith equ.1 by equ.2 andthefollowing iterationequ.3
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The algorithm startswith an initialization of somevariables,the
scaledresidualiv;, the operandvectorsX; andY;, andthefirst
é-resultdigits s. Dependingonthefunctionthealgorithmneedsy
leadingoperand-digit$o calculatethefirst resultdigit. Thisincor
poratesafunctionspecificonlinedelayé for theresultgeneration.
During thefollowing recursiornthe actualresidualiv; will becal-
culatedandeachiterationoutputsa new resultdigit s; determined
by the selectionfunction equ. 4. The resultingdigit vector ap-
proximateghe resultstep-by-stepThe redundanhumbersystem
allows ary necessargorrectionof a previously estimatedesult.

By cascadingligit onlinemodulesasshavnin Fig. 1 sequential
operationanbe overlapped9]. Comparedo conventionalim-
plementationsf successiely LSD-firstandMSD-firstoperations
this resultsin drasticperformanceémprovements.

2. DIGIT ONLINE IMPLEMENT ATION OF NEURAL
NETWORKS

We now introduceour approachor the VLSI-implementatiorof
neuralnetworks. Usually the evaluationtaskof a neuralnetwork
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Figurel: Cascadingf digit onlinemodules
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doesnot requirean MSD-first arithmeticimplementation. Only
somespecializedactivationfunctionsandthelearningtaskrecom-
mendthemselesto applyingdigit online algorithmsasthey re-
quirenaturallyMSD-firstfunctionslik e division or squareoot. In
favor of a smalllibrary of basicprocessingnoduleswe usedigit
onlinein the evaluationphaseaswell. With respecto resources
two differentimplementationgrepossible. Thefirst oneis afull
performancerchitecturewith dedicatediatapathsfor evaluation
andlearningatthesametime. Unfortunatelywe cannotreusethe
weight memoriesand needadditionalregisters. Onepossibleso-
lution to fully parallelizeevaluationandlearningis to accumulate
the weight changesver the whole learningpatternsetand com-
putingthearithmeticmeanof theweightupdate By utilization of
this algorithmwe mustconsiderthe influenceon behaior of the
learningprocess.The secondarchitecturaeuseshe components
for both phaseavhich reduceghe performancef the systembut
atthesametime thecircuit effort aswell. Switchingbetweertwo
phasesve alsointroducean alternationof the data-flav direction
in ourdesign.Thereforewe mustimplementadditionalstructures
to adaptthe connectiorportsof the modulesto the changingcon-
ditionswhich meansa switchbetweerblockinputsandoutputs.

2.1. Concept

The implementatiorof our approachs accordingto the concept
shavn in Fig. 2. Classificationof the input vectorswill be done
by a slightly modifieddigit online multiplier which calculateghe
productof a parallelweight vector and the serial stimuli vector
of the synapticconnectionof the precedingneuron. This sim-
plification reducesthe areaby aboutone half at the samedigit
online delay é of two comparedo a normaldigit online multi-
plier. The accumulationof the sum on weightedstimulation of
eachneuronis donein the following using a balanceddigit on-
line adder The onlinedelayincreasesvith the numberof inputs.
Balancingis necessaryo preventdatasynchronizatiorproblems.
The neuralnetwork developershouldnot be responsibleor the
varying delay of signalsdependingon the numberof stimulation
network inputsasimposedoy the specifictype of arithmeticused.
At leastthroughthe differentactivation functionsthe stimulation
of theneuroncanbeclassified. Theabore mentionedlataprocess-
ing pathdescribeghe calculationgn oneneuronduringthe eval-
uationphase.For the learningtaskwe needsa seconddata-path
which canlike mentionedabore be implementedy reuseof the
evaluationpathcomponent®r be realizedseparatdrom themto



achieve a higherthroughpubn the system.Usingthis basicstruc-
ture of a neuronwe canimplementdifferentnetwork typeswith
mamwginal changegor specializedarchitecturesik e directfeedback
or fully connectechetworks. The whole neuralnetwork imple-
mentedwith digit onlineis surroundedy parallel-seriatorvert-
ersfor all inputsandon-the-flyconversionmodulesfor the serial-
paralleltransformatioratall outputsof thenetwork. Applying this
shellof corversionelement®urapproachs adequatéo acorven-
tional parallelapproacHrom a systenpoint of view andcanbeas
easilyusedas parallelarchitecturest muchlessinterconnection
requirements.The additionalcomponentdik e the testandlearn-
ing patternmemoryand the control unit for the neuralnetwork
working phasesrearrangedutsidethis block.

Figure2: Concepif digit onlinenn

2.2. Activation function

The implementatiorof the activation functionis one of the most
critical partsduringthe designof neuralnetworks. In the majority
of the previously presentedligital implementationghis function
is notimplementedasthey are mainly usedasan acceleratofor
the hugenumberof multiply andaddoperations.In thosecases,

thedeterminatiorof theactivationof eachneurorwill bedoneata
highercontrollevel, mostlyamicroprocessoMWhenimplemented

in digital asin [7] it exhibits to be very expensve and feasible
by table basedapproachesnly. Commonly functionsasshavn

in Fig. 3 areusedfor activation. At first, it is the sigmoidfunc-

tion.Theresultof this function mustbe rescaledandtransformed
to fully exploit the possiblenumberrangeof our moduledike the

tanhfunction. With equ. 5 we canapproximatethe behaior of

both previously mentionedfunction with the advantageof a uni-

fiedimplementation.

1 if g(z) > 1
f(z) = g(=z) if -1 <= g(=z) <= 1 (5)
-1 if -1 > g(=z)
1
with g(z) =n=x*z or g(z) ==3

In our approximatiorwe canimplementthe selectionfunctionus-
ing a saturationalgorithm. The specificadvantageof our MSD
first systemis thatit permitstheimplementatiorof suchabehaior
withoutary performanceenalty Dueto theMSD-firstprocessing
of the digits we cancomparethe agumentvectorlike in thereal
world which improvesoverall efficiengy. For anLSD systemwe
mustwait for thewholedigit vectorto be processetheforewe can
decidewhethertheneuronis activatedor not. To simplify theinte-
grationwith the otherdigit online moduleghebehaior of the sat-
urationfunctionfollowstheonlineconcept.Theapplicationof our
approximatedctivationfunctionguaranteea digit onlinedelayd
of 3 clock cyclesfor this submoduleat a reducedmplementation
effort. The influenceon the network characteristicén particular
onthelearningprocesslueto the modifiedactivationfunctioncan
be compensatetly additionallearningcyclesasshavn in Fig. 4.
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Figure3: Plot of possibleactivationfunctions

Thedecisionto increasehe numberof learningcyclesatthe ben-
efit of reducedmplementatioreffort dependson the application
areaof the neuralnetwork. If learningtime is of lessimportance
we canemplg/ our smalleractivationfunction.
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Figure 4: Influenceof modified activation function on network
behaior

2.3. Synchronization

The synchronizatiorof the differentmodulesbecomef signif-
icant importanceduring the designprocessespeciallyin a sys-
tem with serialdataprocessindike our approach.The majority
of digit online modulesneedsan informationaboutthe startand
endof eachoperandf we cascadelifferentmodules.Specificac-
tionslik e initialization of registershasto be doneat thistime. We
needan adequategeneralsolutionto this problemto prevent re-
implementatiorof synchronizatiomluringeachdesignthussaving
developmentime. A singlesynchronizatiorbit perdigit vectoris
sufiicient but two or more sync digits are possibleaswell. Our
mechanisnis implementedasa shell aroundthe whole digit on-
line moduleto separatehe digit online algorithmfrom the data-
flow control. In this way we canreuseone of the possiblezero
digits representationfor our synchronizatiorintention. We can
easilyadaptthe codingof thefour possiblecharactedigits on the
communicatiorines betweerthe digit online modulesaswe use
a high level descriptionof our designbasedon VHDL. During
thedevelopmentprocesour synchronizatiorschemas helpfulin
identifying unbalancediatastreamswhich leadto faultsin data
processing.Unfortunately the proposecembeddedynchroniza-
tion in the dataline costsat leastone clock cycle reducingthe
throughputof the system. An alternatve implementationof our
synchronizatiormechanisnmwith the adwantageof a possiblein-
creaseahroughputs the utilization of an additionalline for sig-
naling synchronizationgventsbetweenthe modules. This solu-
tion needsmorewiring andadditionalcircuits. Furthermorefor
both solutionsof local synchronizationsve pay for the simplicity
of concatenatiorof the moduleswith the increasedmplementa-
tion effort which mustbe consideredinderthe aspecof thenum-



berof parallelunitslike theneuronsn onelayerin ourapplication
area.

2.4. Performanceanalysis

As has beenshavn in Fig. 5 the throughputof the network
is mainly determinedby the highestdigit online delayé. The
throughputis influencedby the obsered growing of the vector
lengthby someoperationdike the digit online addition. To re-
ducethis effect theimplementedactivation function of eachneu-
ron shouldcarry out also a limitation of the digit vectorlength.
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Figure5: Analysisof thedata-flav in the evaluationphase

2.5. Implementation results

For evaluatingour digit onlineimplementationsve utilize a XIL-
INX Virtex synthesidlibrary. At first we verified the synthesis
resultsof the basicdigit online building blockson the Virtex ar-
chitecture. Furthermoresynthesizingsingle neuronarchitectures
with different parametergor input vector countand calculation
accurag produceghefollowing results(Tah 1). Basedonthisre-

input bit clb func. flip io gate
vec. width slices gen. flops pins equ.
2 8 702 1403 671 71 14752
2 16 843 1683 735 135 16944
10 8 2223 4431 2169 215 46416
10 16 2646 5271 2361 407 52992
50 8 9260 18467 9043 935 192512
50 16 11082 22107 9875 1767 221008

Tablel: Syntheseesultsfor singleneuron

sultswe estimatedherealisationeffort andselectedhereforethe
implementablarchitecture$or the neuralnetwork.

3. NETWORK EXAMPLES

As examplefor the evaluationof our approachwe realizediffer-
entarchitecture®f neuralnetworks. Specialattentationrvasded-
icatedto the applicability of the serial processingo becomean
optimizednetwork performanceon the evaluationphase.At first
wetry to solvethewell known XOR-problem.Thisis annonetriv-
ial theoreticalproblemwhich canonly be solved by higherorder
networksthensingleadenalineor preceptronsA network with at
leastonehiddenlayeris requiredto fulfill thistask. Thereforethis
problemis representate for the majority of neuralnetworks ar-
chitecturesvith theadwantageof its simplicity. Becausef thead-
ditional synchronizatioreffort the possibleimplementatiorbased

ononly four neuronsarenotbe consideredin thefirst stepwe fo-
cusedour investigationon implementatiorof the evaluationphase
only. Thereforewe realizeda feed-forward network build up with
fife neurons;wo for input layer, two for the single hiddenlayer
andonefor resultgeneratiorin the outputlayer. On this network
architecturewe investigatedhe applicability of our proposedac-
tivationfunctionandcomparedhe behaior of the networks. The
differentweightsetsof thefeed-forvardnetwork arecalculatedy
anexternalapplication.After thesuccessfudvaluationof thefeed-
forward network in the evaluationphasewe decidedo implement
theback-propagatiorule. For theimplementatiorwe utilized the
slower versioncharacterizedby the shareddata-pathgor evalua-
tion andlearning. Contraryto the precedingmore academicex-
ampleswhich pointout the basicapplicabilityof our procedureat
leastthe exampleof a waveformdetectiometwork is morecorre-
spondingto realworld application.

4. CONCLUSIONS

The resultsof the implementatiordemonstratethe suitability of
ourproposeapproactonthefield of thedigital integrationof neu-
ral networks. Throughthemodularizatioron differentarchitecture
levelswe keepa systemof componentsvhich facilitatedthe con-
structionof differentnettypesconformto therespectie problems.
By scalingof theweightandinterim resultvectorlengthwe have
a additionaldegreeon the optimizationof the circuit implementa-
tion.

To improve theresultsfurthermorenvestigationontheimpact
of the coding schemewith respectto the mappingof the signed
digit structureon differenttargetarchitectureshouldbe done.
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