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ABSTRACT

In this paperwe describeanapproachfor usingdigit onlinearith-
meticon thefield of neuralnetwork computation.Digit online,a
serialmostsignificantdigit first arithmetic,shows significantad-
vantagesover all otherdigital implementations.The serialcom-
municationbetweentheonlinemodulesmake theimplementation
of connectionintensive networks feasible. The accuracy of the
computationis only looselycoupledwith the chosendigit level
range,which determinethe necessarycountof interconnections.
Furthermoretheaccuracy is eligible throughthelengthof thepro-
cesseddigit vector. Thegoalof this paperis to developa strategy
for the implementationof different network models. The com-
parisonwith theresultsof otherimplementationsillustratethead-
vantagesof thedigit onlineapproachesandthesuitability for the
applicationon thefield of neuralnetworks.

1. INTRODUCTION

Artificial neuralnetworksareanexcellentexamplefor massively
paralleldataprocessing.Theimplementationof fully paralleldata
processingis mostlylimitedby resourcesavailable.For thisreason
commonlyonly a small inner loop of the whole dataprocessing
algorithm is implementedwhich was beenpreviously identified
by analysisof the resourcesrequiredduring the calculation. To
fulfill the algorithm the operationswill be sequentialprocessed
with assistanceby theimplementedsharedresource.This leadsto
a reducedperformanceof theresultingsystem.

Thepresentedapproachshowsapossiblesolutionfor thisprob-
lemontheareaof neuralnetworks.After ashortdiscussionof pre-
viousapproachesandan introductionto the basicsof neuralnet-
worksanddigit onlinearithmeticwe will give a survey of neural
networks implementationusingdigit online arithmeticin section
2. In section3 wewill demonstratedtheusabilityof our approach
in someexamples.At last,wewill discussour resultsin section4.

1.1. Previousapproaches

An overview of differentapproachesfor implementingneuralnet-
works canbe found at [1]. Like neuralnetworks themselves the
different implementationapproachescanbe classifiedby numer-
ouscharacteristicproperties.Ontheimplementationlevel therep-
resentationand processingof valuesdiffers for the variousap-
proaches.

1.1.1. Analog realizations

Oneof the bestknown analogintegratedneuralnetwork chipsis
the Intel 80170NX[2] which usesEEPROM-cells to addressthe
main problemof analogimplementations,the storageof weight

factors. The chip integrates64 analogneuronsand10260train-
ableweightsandachievesa performanceof 1.3 gigaconnections
persecond(GCPS).Theexcellentresultof 80 GCPSby 256neu-
ronsand8192weightsof theAT&T chip [3] is accomplishedby
sacrificingsomeaccuracy in the input andweight vectors. Fur-
thermore,on-chiplearningfunctionalityis notimplementedin this
device.

1.1.2. Digital Implementations

Dueto thewideareaof digital implementationsof neuralnetworks
only somerepresentativeexampleswill bementioned.Themajor-
ity of themimplementthecalculationintensivepartof thecomput-
ing algorithmonly. Therefore,theresultsof theanaloganddigital
implementationsaredifficult to compare.In addition,information
on thenumberof multiplicationsandadditionspersecondis sel-
dom available. Examplesof digital implementationsarethe sys-
tolic arrayapproachlike theSynapseMA16 [4] andtheSAND/1-
architecture[5]. Botharchitecturesareusedto speedupthematrix
operationslike weight-multiplicationandsummationof the acti-
vationsfor a neuralnetwork. Specializedon theRBF-like (Radial
BasisFunction)theZISC[6] representsanuserprogrammablede-
vice for the realizationof neuralnetwork applications.In [7] the
borrow-save numbersystemhasbeenchosenwhich is one rea-
sonfor thecomparatively low performanceof this digit serialap-
proach. The choiceof this systemis determinedby the differ-
ent targetarchitecture.An otherreasonis thelimited architecture
to computeonly the functionsfor oneneuron,which not conse-
quentlyusethepotentialof theonlinealgorithms.Therealsoexist
hybridimplementationswhichcombinetheadvantagesof bothim-
plementationstyles.

1.2. Neural Networks

Dueto thenumerousliteratureavailableon principlesandimple-
mentationsof neuralnetworksweoutlineonly thosetopicswhich
arerelevantfor oursolution.

Theoperationonaneuralnetwork canbedividedin generalinto
two phases,thetrainingor learningtaskandtheevaluationtask.A
learningphaseis necessarybecausethe fixed storageof weights
for evaluationof thesynapticconnectionsis unusualandseverely
limits theadaptationof thenetwork to changingconditions.Com-
monly, externalmemoryserved for storingsomesortof learning
patterns.Thusa differentapplicationrequiresa renewed content
of thepatternmemoryonly. In theoriginal implementationof the
neurontheactivation functiondecideswhetheror not the neuron
is activated.The leadsto a leapfunctionfor theoutputandmaps
thepossibleoutputto two discretevalues.In amultilayernetwork
the weight multiplier of the following neuronscanbe simplified



for suchanoutputsignal.Unfortunately, this disturbsthecalcula-
tion flow in thenetwork andreducesalsotheinformationaboutthe
strangeof theactivation.Therefore,mostlynon-discreteactivation
functionsareused.

1.3. Digit Online - MSB first serial arithmetic

Unlike mostotherserialarithmeticimplementationsdigit online
algorithmsgenerateresultsstartingwith themostsignificantdigit
first. This is possibledueto theredundantnumberrepresentation
employed. For our implementationwe prefera signeddigit (SD)
representationbut carry save (CS) is alsousable. Simple arith-
meticfunctionslikeadditionor multiplicationcanbeimplemented
without redundantaddersin leastsignificantdigit first manner. A
MSD-first implementationis alsopossiblewhenusingredundant
adders.Higher level arithmeticoperationslike division or square
root are MSD-first algorithmsby natureand can not be trans-
formedto LSD-firstwithoutanextremeperformancepenalty. Due
to theresultgenerationstartingwith themostsignificantdigit we
caneasilyintegratethis algorithm. The ideaof digit onlinealgo-
rithms,first presentedin [8], canbe describedfor a two operand
examplewith equ.1 by equ.2 andthefollowing iterationequ.3
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The algorithmstartswith an initialization of somevariables,the
scaledresidual KML , the operandvectorsNOL and P>L , andthe firstQ
-resultdigits R . Dependingon thefunctionthealgorithmneeds

Q
leadingoperand-digitsto calculatethefirst resultdigit. This incor-
poratesa functionspecificonlinedelay

Q
for theresultgeneration.

During thefollowing recursiontheactualresidualK L will becal-
culatedandeachiterationoutputsanew resultdigit R L determined
by the selectionfunction equ. 4. The resultingdigit vectorap-
proximatestheresultstep-by-step.Theredundantnumbersystem
allowsany necessarycorrectionsof apreviouslyestimatedresult.

By cascadingdigit onlinemodulesasshown in Fig. 1sequential
operationscanbeoverlapped[9]. Comparedto conventionalim-
plementationsof successively LSD-firstandMSD-firstoperations
this resultsin drasticperformanceimprovements.

2. DIGIT ONLINE IMPLEMENT ATION OF NEURAL
NETWORKS

We now introduceour approachfor the VLSI-implementationof
neuralnetworks. Usually, theevaluationtaskof a neuralnetwork
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Figure1: Cascadingof digit onlinemodules

doesnot requirean MSD-first arithmeticimplementation.Only
somespecializedactivationfunctionsandthelearningtaskrecom-
mendthemselves to applyingdigit online algorithmsas they re-
quirenaturallyMSD-first functionslikedivisionor squareroot. In
favor of a small library of basicprocessingmoduleswe usedigit
online in the evaluationphaseaswell. With respectto resources
two differentimplementationsarepossible.Thefirst oneis a full
performancearchitecturewith dedicateddatapathsfor evaluation
andlearningat thesametime. Unfortunately, wecannot reusethe
weightmemoriesandneedadditionalregisters.Onepossibleso-
lution to fully parallelizeevaluationandlearningis to accumulate
the weight changesover the whole learningpatternsetandcom-
putingthearithmeticmeanof theweightupdate.By utilizationof
this algorithmwe mustconsiderthe influenceon behavior of the
learningprocess.Thesecondarchitecturereusesthecomponents
for bothphaseswhich reducestheperformanceof thesystembut
at thesametime thecircuit effort aswell. Switchingbetweentwo
phaseswe alsointroduceanalternationof thedata-flow direction
in ourdesign.Therefore,wemustimplementadditionalstructures
to adapttheconnectionportsof themodulesto thechangingcon-
ditionswhichmeansaswitchbetweenblock inputsandoutputs.

2.1. Concept

The implementationof our approachis accordingto the concept
shown in Fig. 2. Classificationof the input vectorswill be done
by a slightly modifieddigit onlinemultiplier which calculatesthe
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

Q
of two comparedto a normal digit online multi-

plier. The accumulationof the sum on weightedstimulationof
eachneuronis donein the following usinga balanceddigit on-
line adder. Theonlinedelayincreaseswith thenumberof inputs.
Balancingis necessaryto preventdatasynchronizationproblems.
The neuralnetwork developershouldnot be responsiblefor the
varying delayof signalsdependingon thenumberof stimulation
network inputsasimposedby thespecifictypeof arithmeticused.
At leastthroughthedifferentactivation functionsthe stimulation
of theneuroncanbeclassified.Theabovementioneddataprocess-
ing pathdescribesthecalculationsin oneneuronduringtheeval-
uationphase.For the learningtaskwe needsa seconddata-path
which canlike mentionedabove be implementedby reuseof the
evaluationpathcomponentsor berealizedseparatefrom themto



achieve ahigherthroughputon thesystem.Usingthisbasicstruc-
ture of a neuronwe canimplementdifferentnetwork typeswith
marginalchangesfor specializedarchitectureslikedirectfeedback
or fully connectednetworks. The whole neuralnetwork imple-
mentedwith digit online is surroundedby parallel-serialconvert-
ersfor all inputsandon-the-flyconversionmodulesfor theserial-
paralleltransformationatall outputsof thenetwork. Applying this
shellof conversionelementsourapproachis adequateto aconven-
tionalparallelapproachfrom asystempointof view andcanbeas
easilyusedasparallelarchitecturesat muchlessinterconnection
requirements.The additionalcomponentslike the testandlearn-
ing patternmemoryand the control unit for the neuralnetwork
workingphasesarearrangedoutsidethisblock.
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Figure2: Conceptof digit onlinenn

2.2. Activation function

The implementationof the activation function is oneof the most
critical partsduringthedesignof neuralnetworks. In themajority
of the previously presenteddigital implementationsthis function
is not implementedasthey aremainly usedasan acceleratorfor
the hugenumberof multiply andaddoperations.In thosecases,
thedeterminationof theactivationof eachneuronwill bedoneata
highercontrollevel, mostlyamicroprocessor. Whenimplemented
in digital as in [7] it exhibits to be very expensive and feasible
by tablebasedapproachesonly. Commonly, functionsasshown
in Fig. 3 areusedfor activation. At first, it is the sigmoidfunc-
tion.Theresultof this functionmustbe rescaledandtransformed
to fully exploit thepossiblenumberrangeof our moduleslike the
tanhfunction. With equ. 5 we canapproximatethe behavior of
both previously mentionedfunction with the advantageof a uni-
fied implementation.��� �  � G 1 � � S2� � UT 1S2� � 
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In ourapproximationwecanimplementtheselectionfunctionus-
ing a saturationalgorithm. The specificadvantageof our MSD
first systemis thatit permitstheimplementationof suchabehavior
withoutany performancepenalty. Dueto theMSD-firstprocessing
of thedigits we cancomparetheargumentvectorlike in the real
world which improvesoverall efficiency. For an LSD systemwe
mustwait for thewholedigit vectorto beprocessedbeforewecan
decidewhethertheneuronis activatedor not. To simplify theinte-
grationwith theotherdigit onlinemodulesthebehavior of thesat-
urationfunctionfollowstheonlineconcept.Theapplicationof our
approximatedactivationfunctionguaranteesadigit onlinedelay

Q
of 3 clock cyclesfor this submoduleat a reducedimplementation
effort. The influenceon the network characteristicsin particular
onthelearningprocessdueto themodifiedactivationfunctioncan
becompensatedby additionallearningcyclesasshown in Fig. 4.

Figure3: Plot of possibleactivationfunctions

Thedecisionto increasethenumberof learningcyclesat theben-
efit of reducedimplementationeffort dependson the application
areaof theneuralnetwork. If learningtime is of lessimportance
wecanemploy oursmalleractivationfunction.

Figure 4: Influenceof modified activation function on network
behavior

2.3. Synchronization

The synchronizationof the differentmodulesbecomesof signif-
icant importanceduring the designprocessespeciallyin a sys-
tem with serialdataprocessinglike our approach.The majority
of digit online modulesneedsan informationaboutthe startand
endof eachoperandif we cascadedifferentmodules.Specificac-
tionslike initializationof registershasto bedoneat this time. We
needan adequategeneralsolutionto this problemto prevent re-
implementationof synchronizationduringeachdesignthussaving
developmenttime. A singlesynchronizationbit perdigit vectoris
sufficient but two or moresyncdigits arepossibleaswell. Our
mechanismis implementedasa shell aroundthe wholedigit on-
line moduleto separatethe digit online algorithmfrom the data-
flow control. In this way we canreuseoneof the possiblezero
digits representationsfor our synchronizationintention. We can
easilyadaptthecodingof thefour possiblecharacterdigitson the
communicationlinesbetweenthedigit onlinemodulesaswe use
a high level descriptionof our designbasedon VHDL. During
thedevelopmentprocessour synchronizationschemeis helpful in
identifying unbalanceddatastreamswhich lead to faults in data
processing.Unfortunately, the proposedembeddedsynchroniza-
tion in the data line costsat leastone clock cycle reducingthe
throughputof the system. An alternative implementationof our
synchronizationmechanismwith the advantageof a possiblein-
creasedthroughputis the utilization of an additionalline for sig-
naling synchronizationseventsbetweenthe modules. This solu-
tion needsmorewiring andadditionalcircuits. Furthermore,for
bothsolutionsof local synchronizationswe payfor thesimplicity
of concatenationof the moduleswith the increasedimplementa-
tion effort whichmustbeconsideredundertheaspectof thenum-



berof parallelunitsliketheneuronsin onelayerin ourapplication
area.

2.4. Performanceanalysis

As has beenshown in Fig. 5 the throughputof the network
is mainly determinedby the highestdigit online delay

Q
. The

throughputis influencedby the observed growing of the vector
lengthby someoperationslike the digit online addition. To re-
ducethis effect the implementedactivation functionof eachneu-
ron shouldcarry out alsoa limitation of the digit vector length.
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Figure5: Analysisof thedata-flow in theevaluationphase

2.5. Implementation results

For evaluatingour digit onlineimplementationswe utilize a XIL-
INX Virtex synthesislibrary. At first we verified the synthesis
resultsof the basicdigit online building blockson the Virtex ar-
chitecture.Furthermoresynthesizingsingleneuronarchitectures
with different parametersfor input vector count and calculation
accuracy producesthefollowing results(Tab. 1). Basedonthis re-

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

Table1: Syntheseresultsfor singleneuron

sultswe estimatedtherealisationeffort andselectedthereforethe
implementablearchitecturesfor theneuralnetwork.

3. NETWORK EXAMPLES

As examplefor the evaluationof our approachwe realizediffer-
entarchitecturesof neuralnetworks. Specialattentationwasded-
icatedto the applicability of the serialprocessingto becomean
optimizednetwork performanceon theevaluationphase.At first
wetry to solvethewell known XOR-problem.Thisis annonetriv-
ial theoreticalproblemwhich canonly besolved by higherorder
networksthensingleadenalineor preceptrons.A network with at
leastonehiddenlayeris requiredto fulfill this task.Thereforethis
problemis representative for the majority of neuralnetworks ar-
chitectureswith theadvantageof its simplicity. Becauseof thead-
ditional synchronizationeffort thepossibleimplementationbased

ononly four neuronsarenotbeconsidered.In thefirst stepwefo-
cusedour investigationon implementationof theevaluationphase
only. Thereforewerealizeda feed-forwardnetwork build up with
fife neurons,two for input layer, two for the singlehiddenlayer
andonefor resultgenerationin theoutputlayer. On this network
architecturewe investigatedtheapplicabilityof our proposedac-
tivationfunctionandcomparedthebehavior of thenetworks. The
differentweightsetsof thefeed-forwardnetwork arecalculatedby
anexternalapplication.After thesuccessfulevaluationof thefeed-
forwardnetwork in theevaluationphasewedecidedto implement
theback-propagationrule. For theimplementationweutilized the
slower versioncharacterizedby theshareddata-pathsfor evalua-
tion andlearning. Contraryto the precedingmoreacademicex-
ampleswhichpointout thebasicapplicabilityof ourprocedure,at
leasttheexampleof a waveformdetectionnetwork is morecorre-
spondingto realworld application.

4. CONCLUSIONS

The resultsof the implementationdemonstratesthe suitability of
ourproposedapproachonthefieldof thedigital integrationof neu-
ral networks.Throughthemodularizationondifferentarchitecture
levelswe keepa systemof componentswhich facilitatedthecon-
structionof differentnettypesconformto therespectiveproblems.
By scalingof theweightandinterim resultvectorlengthwe have
a additionaldegreeon theoptimizationof thecircuit implementa-
tion.

To improve theresultsfurthermoreinvestigationsontheimpact
of the codingschemewith respectto the mappingof the signed
digit structureson differenttargetarchitecturesshouldbedone.
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