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Abstract

This thesisdealswith the realizationof hardwarethatis capableof computingalgo-
rithmsthatcanbe describedusingthe theoryof polynomialcellular neural/nonlinear
networks (CNNs). The goalis to meetthe requirement®f analgorithmfor predict-
ing the onsetof an epileptic seizure. The analysisassociatedvith this application
requiresextensve computationof datathat consistsof segmentsof brain electrical
actity. Differenttypesof computerarchitecturesare overviewed. Sincethe algo-
rithm requiresoperationsn which datais manipulatedocally, specialemphasiss put
on assessinglifferentparallelarchitecturesAn arraycomputeris potentiallyableto
performlocal computationataskseffectively andrapidly.

Basedon the requirement®f the algorithm,a mixed-modeCNN is proposed. A
mixed-modeCNN combinesanaloganddigital processingo thatthe couplingsand
the polynomialtermsareimplementedvith analogblocks,whereaghe integratoris
digital. A/D andD/A corvertersareusedto interfacebetweernthe analogblocksand
the integrator Basedon the mixed-modeCNN architecturea cellular array proces-
soris realized. In the realizedarrayprocessothe processinginits are coupledwith
programmablgolynomial (linear, quadraticand cubic) first neighborhoodeedback
terms. A 10mn?, 1.027million transistorcellular array processarwith 2x 72 pro-
cessingunitsand36 layersof memoryin eachis manuficturedusinga 0.25um digital
CMOSprocessThearrayprocessocanperformgray-scalddeun’sintegrationof spa-
tial corvolutionswith linear, quadraticandcubicactivationfunctionsfor 72x 72 data
while keepingall I/0 operationsduring processindocal. OnecompleteHeunsitera-
tion roundtakes166.4us,while the power consumptiorduring processinds 192mwW
Experimentatesultsof statisticalvariationsin themultipliersandpolynomialcircuits
are shawvn. Descriptionsregardingimprovementsin the designare also explained.
The resultsof this thesiscanbe usedto assesshe suitability of the mixed-modeap-
proachfor implementinganimplantablesystemfor predictingepilepticseizuresThe
resultscanalsobeusedto assesthesuitability of theapproacHor implementingother



applications.

Keywords: Mixed-ModelntegratedCircuits, Analog Arithmetic Circuits,
(Polynomial)Cellular Neural/NonlineaNetworks, CMOS, Discrete-Tme Systems,
CellularArray Processors
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AY

@

@

@

dataunit in kki" block of iit" row and jj{" columnin dataparti-
tionedby chopping

dataunit in kk' block of i row and jj{" columnin dataparti-
tionedby folding

Delta-Sigma

time-discretizedateof changeof statein aDTCNN
space-independenbrvolution mask feedbackemplate
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space-independentbicfeedbackemplatein a polynomial CNN
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delayin secondrderpolynomialfeedbackpath
delayin third orderpolynomialfeedbackpath

SRAM addresssignalsthat determinewhich layer is being ac-
cessed|. € [1,36]
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cellin i row and ™" column

cellin i row andjt" columnin a partitionedmixed-modeCNN
correlationintegral

CNN statecapacitor
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Chapter 1

Intr oduction

1.1 Motivation

The minimum featuresizesof advancedsilicon processe$iave decreasedh a pre-
dictableway for decades.Accordingto the ITRS, this developmentis predictedto
continuefor several years. For example, it is estimatedthat the printed gatelength
in microprocessounit (MPU) productswill be 35nmin 2007[1]. This scalingdown
affectsthe designof digital processorin severalways: the numberof transistorghat
canbefitted into a die increasesthe maximumclock rateincreasesandthe dynamic
power consumptiordecreasesAnotherway of improving processoperformances
by moving towardsparallelarchitecturesDueto architecturaimprovementsn serial
dataprocessorsseveralinstructionscanbe processeduringoneclock cycle.

In someapplicationsthe algorithmis eitherinherently(for exampleimagepro-
cessingtasks),or canbe corvertedinto a form thatis suitablefor computationn an
arrayprocessarln anarrayprocessattheprocessinginitsandmemaoryaredistributed
in aregularparallelformationandlocal computationis performed.Theregularity of
the array makes the predictionof delayseasierand reducesmemoryaccesgimes.
This allows thefull potentialof advancedsilicon processeto be utilized moreeasily
Array processorganbe realizedusingdigital or analogcomputationablocksor by
combiningboth. The parallelcomputingpower of anarrayprocessomay actasan
enablingtechnologyfor new applications.

Cellularneural/nonlineanetwork (CNN) theorycanreadilydescribeconvolution-
basedocal operationsjt alsoproposesan architecturefor realizinga parallelcom-
puting device. The stateof a cell in a CNN is updatedby usinginitial data,con-
trol termsand continuous-timespatio-temporatornvolutionsthatare controlledby a



2 Intr oduction

nonlinearactivation function (corventionallya PWL function) of the cell state. The
useof a CNN hasbeenproposedor variousapplicationsn which the capability of
manipulatingdatalocally at a high speedis required. Examplesof potential CNN
applicationsare low-bit rate video coding[2], [3], visual computerswith combined
sensingandprocessing4] anddigital errorcorrection[5]. In apolynomialCNN, the
activation function is a polynom. The useof polynomial CNNs hasbeenproposed
for displacementectorestimation[6], for 3D modelingof soil [7] andfor analysis
of brain electricalactiity in epilepsy[8]. The realizationof the polynomialterms
introducesnew challengedo the implementation.In this thesis,realizationof a cel-
lular arrayprocessofor computingalgorithmsthatcanbe describedisingthe theory
of polynomial CNNs is studied. The realizationseeksto meetthe needsof the al-
gorithm for analyzingbrain electricalactivity in epilepsy The algorithmhasbeen
developedby Prof. Tetzlafs groupin JohannwolfgangGoethe-Unversityin Frank-
furt. A long-termgoal is to implementan implantablesystemthat can predictthe
onsetof anepilepticseizureandpossiblypreventit by usingautomatigpharmacolog-
ical means.An arraycomputemay be suitablefor doing the computationatasksof
the algorithmeffectively andrapidly. Algorithm developerscanusetheresultsof this
thesisto assesshe applicability of therealizedcellulararrayprocessar

1.2 Reseach Contrib ution

Theresearchn thisthesisfocuseson the hardwarerealizationof a cellulararraypro-
cessoifor analyzingbrainelectricalactiity in epilepsy Sincethe weights(couplings
betweenprocessorsare programmablea similar type of designcan be appliedto
otherapplicationghataremodeledwith the aid of a polynomial CNN. The work to-
wardscompletionof this thesisproceededso that, first, the specialfeaturesof the
epilepsypredictionalgorithm were highlightedand potentialrealizationalternatves
wereassessednd,seconda realizationarchitecturevaschosenanda cellular array
processomwas designedand manufictured. Finally, the performanceof the individ-
ual circuit blocks alongwith the system-lgel performancevas measured.Most of
the measurementaere carriedout usinga PCB measuremenboard. All the work
towardsthis thesiswascarriedoutindependentlyy the authorunderthe guidanceof
Prof. Ari Paasioandsupervisiorof Prof. Kari Halonen.
Themainresearctcontribution of this thesisis theintroductionof a mixed-mode
CNN that canbe usedto realizean autonomougpolynomial CNN. The mixed-mode
CNN storesdatarobustly in digital domainand usesanalogarithmetic circuits to
performthe multiplication andto generatethe polynomialterms. In a mixed-mode
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CNN, the polynomialtermscanberealizedusingone-quadrantircuits, while a four-
guadranbperationcanbe achiezed by digitally steeringthe currentinto a positive or
negative sumnode. Anotherresearctcontribution of this thesisis its descriptionof
how a mixed-modeCNN canbe realizedso that global interactionis possibleeven
when processingpartitioneddata. Somebuilding blocks of analogarray computers
weredescribedn Referencd9] andan analogpolynomial CNN wasinvestigatedn
Referencefl0] and[11]. Thetheoryof polynomialmixed-modeCNNswasdescribed
in Reference$l2]- [16]. Selectectircuit blocksandmeasurementesultsof the im-
plementedcellular array processomere reportedin Reference$l7]- [19]. A large
portionof theimplementatiorandmeasuremerresultsof the cellulararrayprocessor
(Chapterss and 6) hasnot beenreportedoutsidethis thesis. However, with regard
to this, two papershave beenacceptedor publication(Reference§20] and[21]) and
onehasbeensubmitted(Referencg22]). Thework towardsthis thesishasalsocon-
tributedto the publicationsof Reference§3] and[23]- [31].

1.3 Organization of the Thesis

This thesisis organizedinto seven chaptersasfollows. Chapterl senesasanin-
troductionto the topic, while Chapter2 reviews selectedprocessoarchitecturesand
demonstratea trendtowardsparallelarchitectures.

Chapter3 describeshow analysisof brain electricalactiity in epilepsycanbe
usedto predictan epilepticseizure,and shovs how sucha seizurecanbe predicted
usinga polynomialCNN. Therequirement®f hardwarethatcouldbe usedto realize
thealgorithmareidentified.

Chapterd depictsthe mixed-modeCNN architecture It describesiow the archi-
tecturecancopewith therequirement®f the epilepsyapplication. The choiceof the
integrationmethodandtheresolutionsof the ADCsandDACsarestudied.This chap-
ter alsoshows how a mixed-modeCNN canbe designedso that partitioneddatacan
interactglobally.

The network level designof theimplementectellulararrayprocessois shavn in
Chapterb, which alsodescribeghe designof the digital partsandthe layoutdesign.
The designof the analogarithmeticcircuits andthe datacorvertersis alsocovered,
andmeasuremenesultsareshowvn.

Chapter6 describedow the performanceof the mixed-modeCNN could be im-
provedwhenmoreadwancedsilicon processeareused.Finally, Chapter7 concludes
thethesis.
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Chapter 2

Towards Parallel Ar chitectures

Therearebasicallytwo waysof increasingthe computingspeedof a processingle-
vice: eitheranindividual operationis executedfasteror several operationsare ex-

ecutedsimultaneously(in parallel). Naturally thesetwo methodscan be alsocom-
bined: simultaneousmprovementdn architectureandtechnologyhave yieldedgreat
improvementsn processingower. This chapteroverviews differentprocessoarchi-
tecturesthat utilize parallelcomputing. The purposeis to illustrate,on the basisof

the brief descriptionsthe diversity of the differentapproachesThe processotypes
describedn thischapteraremeanto do differenttasksandthey handledifferenttypes
of data. Therefore comparisondetweertheapproachearenot made.

Section2.1.2shows thatgeneral-purposprocessorsiso utilize parallelcomput-
ing. However, increasingthe numberof operationsthat are executedin parallelis
ratherinvolved. In applicationsin which the datais manipulatedso that only local
operationsare performedon the data, processingn parallelis easier In this case,
the processorganbearrangedn anarrayandthe memorycanbe distributedamong
the processors . Sections2.3-2.6describedifferentarchitectureghat are highly par
allel andin which mostavailable operationsare limited so that datais manipulated
only locally. In applicationdn which datacanbe processedavith a massvely parallel
systemandin which the accurag requirementaremoderatejt maybe beneficialto
utilize analogparallelprocessingl]. Sections2.4and?2.5shav examplesof proces-
sorarchitectureshataredesignedor analogand/ormixed-modecomputing.Section
2.6 overviewsthe cellular neural/nonlineanetwork (CNN) paradigmand CNN real-
izations. CNN theorycanbe usedto describemary local processingasksbut it also
proposesanarchitecturdor realizinganarrayprocessar
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2.1 Computing Speedof General PurposeProcessors

This sectiondescribessomeof the efforts that designersare taking to improve the
processingspeedof generalpurposeprocessorge.g. microprocessorsind DSPs).
The developmentof silicon processeandthe introductionof new logic gatesarekey
factorsin improving the executiontime of a singleoperation.Architecturalimprove-
mentsareessentialvhenparallelismof computingis increasedIn Subsectior2.1.3,a
new conceptcallednetwork on chip (NoC) is described An NoC s a network of pro-
cessingesourceandmemorythatcommunicat@synchronouslysingastandardized
protocol.

2.1.1 Computing Speeddueto Developmentof Technology

The scalingdown of minimumtransistorsizesthathasbeenongoingfor decadesias
enabledthe useof higherclock frequenciesdueto, for example,reducedparasitic
capacitancesConsequentlhtheexecutiontime peroperatiorhasshortenedTogether
with architecturalimprovements this hasalmostguaranteedyreatimprovementsin
processingperformance. Today the maximumclock speedsallowed by processes
aredifficult to achiere. Processodesignersare devoting a lot of effort to planning
a clock distribution that guaranteesynchronousperation[2]. De-skew circuits, for
example,areusedlocally to adjustthe skew to copewith processingdr temperature
variations[3], while on-chip RC-filtersare usedto reduceclock jitter [4]. As ASIC
designersnay not have the meansor resourcesvith which to planthe clock distribu-
tion so precisely it is gettingmoreandmoredifficult to fully utilize the promiseof
theimproving silicon processes.

2.1.2 Parallel Operation in General PurposeProcessors

Generalpurposeprocessorsre traditionally basedon serial dataprocessing.How-
ever, severaldifferentmeansareusedto make theinherentlyserialprocessinglevices
moreparallel. An importantconceptutilized is the designof instructionsetstowards
highinstructionlevel parallelism.In sucha designmethod the appearancef control
operationsand dataaccessesare predictedand speculatedand executedin parallel.
In IA-64, six instructionsper clock canberunin parallel[5]. If theinstructionlevel
parallelismis low, chip multiprocessingcanbe used.In Referencd6], a single-chip
multiprocessingsystemwith eight processorcoreswasdescribed.A protocol-based
interconnectwasusedto connectthe partsof the multiprocessingsystem.In Refer
ence[7], atwo-processo5IMD-type chip utilizing chip multiprocessingvasshovn
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with a shareddual-portcache.In the chip multiprocessosystemsa lot of effort has
to be putinto memorysharing.ln supercomputers very large numberof processors
is usedin parallel. In Referencd8], a supercomputeis composedf two-processor
SoCsthatareassembleth athree-dimensiondbrmationwith six bi-directionallinks
betweeneachcomputingnode. The architecturgargetsprocessorcountsof 10000-
100000per system.In inherentlyserialgeneral-purposprocessorsthe applications
andinstructionsetsmustbecodedsothatfull usecanbemadeof thepermittedparallel
operations.

2.1.3 Network on Chip
2.1.3.1 Motivation

Globalcommunicatioron chipis gettingmoreexpensvein termsof processingpeed
and power consumption. This is becausédhe delaysof global interconnectsare be-
coming more and more significantrelative to gateor local interconnectelaywhen
proceedingowardssmallergatedimensiong9]. The designof synchronousystems
with high globalclock speedss alsobecomingncreasinglydifficult becaus¢he TOF
of a signalis upperbounded[10]. The global interconnectsan be madefasterif
repeatersare usedbut this increaseshe power consumption.Therefore,it would be
beneficialto useparallelprocessinginitsthatavoid communicatingglobally.

2.1.3.2 Network on Chip Platforms

Network on chip (NoC) is a platform-basedlesignmethodfor building systemson
chips[11]. It is anattemptto bring the potentialof the developmentof technology
andthe promiseof massve parallel processingnore easily available. In a platform
basedNoC designdifferentabstractiorievels (layers)are usedto describethe com-
municationamongcomputingresources Oncea platform hasbeenconstructedthe
designercanrely on the pre-determinedayers. Comparedo an ad hoc approach,
the designtaskis greatly simplified. The processingesourcesand communication
resourceganbe built on a mesh,for example,leadingto a scalablearchitectureand
predictableelectricalproperties. In [12] a paclet switchedplatform is usedfor the
communicatiorbetweercomputingresourceslin this designacommunicatiorswitch
is connectedo a computingresourceandfour neighborswitches.Differentnetwork
topologiesandmemoryarrangementareunderactive studyandperformancenodels
are being developedto compare,for example, different memory module organiza-
tions[13]. Theconceptof NoC is still quite a new researchopic, but, in additionto
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mary conceptuapropositionshardwarerealizationsalsoexist. In Referencg14], for

example,anNoC with anARM8 processoand21 parallelsatelliteprocessorsvasre-

alizedon a Pleiadeplatform[15]. Theprocessorarelocally synchronousindglobal

communicatioris asynchronousThe communicatiorbetweertheresourcess based
on a protocol. It is likely that, in the DSM era,large ASICs will not be built from

scratchbut on a platform thatmakesthe utilization of silicon resourcegnddesignof

datatransfereasieffor thedesigner

2.2 Bit-Serial Processing

In bit-serialprocessingwordsof differentlengthsare manipulatedserially. The ad-
vantageof bit-serialprocessingrethatthe word lengthis not fixed andthatit only
requireshardwareto computebit operationsvith one-bitoutput. Therefore compared
to anALU of full word lengththe amountof hardwareis greatlyreduced.However,
the hardwareis reducedat the costof processingpeed.The speedreduceswith the
word lengthbecauserocessingvordswith alengthlargerthanonebit takesseveral
clock cycles. Also, evenif therangeof availableoperationds broad,the morecom-
plex operationgake mary moreclock cyclesto execute.Multiplication, for example,
takesalot longerthanaddition.

2.2.1 Computational RAM

In a computationaRAM (CeRAM)?, the processingelementsare distributedwithin
memory[16]. The basicideais to utilize the high internal bandwidthof a digital
memoryby insertingprocessingelementgo oneor more columnsof memory This
leadsto asmallareapenaltycomparedo acorventionalmemory Thisway, acompact
SIMD-typecomputercanbeconstructedFigure2.1shovsabit-serialprocessinginit
in a CeRAM 2.1. Eachmemorycanaccessa certainaddressspace,in this casea
columnof memory The ALU is madeof a multiplexerin which an eight-bit global
instructionis multiplexedto a one-bitoutputusingthe contentsof registersX, Y and
the output of the memory The outputof the ALU canbe written to write-enable
registerZ, to memoryand/orit canbeshiftedleft or right. Thewrite-enableegisteris
usedto write the memoryconditionallyandthe shift left andright operationsenable
communicatiorwith neighboringorocessingelementsTheapplicationsof a CeRAM
arein, for example,DSPR imageprocessingand computergraphics.Currently more

1Also known asDSP-RAM
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Figure 2.1 Bit-serialprocessinginitin a CeRAM [16].

computingpowerin amorecompactreais beingsoughtby considering3D CeRAMs
in whichindividual CeRAMSs arestacled andconnectedvith 3D vias[17].

2.2.2 Near SensorBit-Serial Image Processing

NearsensolimageprocessindNSIP)[18] aimsto performcomputationallyintensive
processingperationqext to the sensor This way only the significantimagedatais
corveyedout of the chip asfeaturevectorsandthe I/O bandwidthis greatlyreduced.
Also in NSIP, theimageacquisitioncanbelocally controlledby thelogic, i.e. adap-
tive expositiontimesarepossible.In theNSIPimageprocessoof [18], eachsensoiis
accompaniethy abit-serialprocessinginit. The coreof thebit-serialNSIPis thesen-
sor, the outputof whichis comparedo athresholdvalueandonebit of informationis
corveyedto thelogic. Sincethereadouis nondestructie,consecutiebinaryreadouts
arepossible.Consecutre samplesf binary datayield gray-scalénformation. Each
processinglement(PE)is 4-connectedo its nearesheighbors. Maskedlogic AND
operationscan be performedfor the neighborhood.The logic allows for fastintra-
PE asynchronougpropagation.In additionto this, eachPE hasa bit-serial processor
anddigital memory Usingthe combinationof the sensormandPE, variousimagepro-
cessingoperationsarepossible.Availableoperationsncludegray scalemorphology
histogramequalizationglobal OR, pixel-level A/D corversionandadaptie exposure
time.

2SeeSection?.6 for definitions.
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Figure 2.2 Searchoperationin acontentaddressablenemory

2.3 Content Addressableviemory

In aconventionalmemorydatais accessednthebasisof addressindependentlyrom
the datastoredin the memory A contentaddressablenemory(CAM) works sothat
givena dataword asinput,a CAM providesoneor moreaddresses which a fully
or partially matchingdatais located. The searchoperationof a CAM, explained,for
example,in [19], is illustratedin Figure2.2. Theargumentregistercontainsthe data
to be matchedwith contentsof the memory while the maskregisteris usedto iden-
tify which bits take partin the comparison.The contentsof the memoryarematched
andtheresponsearestoredin aregister If therearemultiple hits, aresoher decides
which hit is chosenThe matchingcanbe performedully parallelfor eachdataword,
serially, or, by software.Naturally, thefully parallelrealizationis thefastestA CAM
is a corvenientway of realizing, for example,lookup tables. Also, they have been
designedor high speedswitching/routingin communicationspplications.n [20], a
fully parallel2.5Mb CAM, for example,wasrealizedfor usein a 2.5Gb/sATM. In a
contentaddressablenemory parallelwrite functionscanalsobeincludedto comple-
mentthe CAM searchfunctions. Thesefeaturesextendthe rangeof applicationsof
theseassociatie processorso differentimageprocessingpplicationg21]. DTCNN
(seeSection2.6) and morphologicaloperationsfor example,can be performedby
combiningsearchread,write, datatransferandhit-flag operations.

2.4 Artificial Neural Networks

A neuralnetwork is a combinationof simple processingunits in parallel that can
storeexperientialdata (obtainedthroughlearning)in termsof strengthsof connec-
tions (weights)betweerthe processinginits[22]. Artificial neuralnetworks (ANNS)
are man-maderealizationsof neuralnetworks. Most commonlyANNs arerealized
with softwarethatis runin corventionalcomputersput dedicatechardwarecanalso
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be used. The definition of neuralnetworks shavn above is rathergeneraland ap-
pliesto mary differentparallelprocessingrchitecturessuchasthosein Section2.6
(CNN), for example,if theweightsareselectedy learning.As thenumberof synaptic
connection®n chip increasesso doesthe numberof weightsthathave to be learned
andstored. This impedesanalogimplementation®specially becausef the lack of
compactanalogmemorieswith fastwrite operations.Mix ed-modemplementations
arepotentialalternatvesto digital realizationsIn [23], the controlaswell asthelong-
termstorageof weightsis digital. The computationis analogandthe analogweights
areperiodicallyrefreshedusingD/A corverters.The learningof weightscanbe per
formedeitheroutsidethe chip or on chip. In [24], for example,the backpropagation
algorithmwasrealizedon chip. ANNs areapowerful tool in, for example theanalysis
of outputsof sensonarrays.Dueto their ability to generalizereal-timeclassification
of multi-channeldatais possible.

2.5 Analog/Mixed-Signal Array Processing

This sectionovervievssomeanalog/mixdsignalarrayprocessotypesthathave been
proposedor realtime processingln anarrayprocessoamultiple of processinginits

is arrangednto anarray Usuallythe arrayis two dimensional A large spectrumof

differentapproachesasbeenproposed.The programmability for example,andthe
type of datathat canbe processedyaries. This makesa direct comparisorof these
arraycomputerdgifficult.

2.5.1 SIMD Array Composedof Analog Micr oprocessors

An analogmicroprocessofAuP) attemptsto combinedigital programmabilitywith

analogarithmetic. The elementaryinstructionsare asin a digital pP, but they are
realizedusinganalogmeans. In Referencg25], analogregisters,analogALU and
analogcomparisoroperationsvererealizedusinganalogswitched-curreninemories
and processingelements. A SIMD-type processoican be constructedby arranging
AUP unitsin anarray Reference§26] and[27] describea 21 x 21 SIMD arraycom-

posedof ApPs. An individual ApP cantransferdatato/from its nearesmneighbors.
Also, a digitally programmablemultiplier basedon binary weightedcurrentsis in-

cludedin eachApP. Therefore convolution-typeoperationsare possible. The SIMD

array alsofeatureseasydigital programmabilityand an imagesensotis includedin

every ApP. Consequentlythe AuP SIMD arrayis anothercandidatefor nearsensor
imageprocessing.
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2.5.2 Analog Multiple Instruction Multiple Data Processing

An exampleof analogmultiple instruction, multiple data(MIMD) imageprocessor
is givenin [28]. In this designan 80 x 78 sensorarrayis partitionedinto four sub-
arraysof 40 x 39. Eachsub-arrayof sensorganbereadsimultaneouslyeachsensor
hasthreeoutputs. One processingunit is allocatedfor eachsub-array Cornvolution
operationsvith 3 x 3 masksarecomputedy shiftinganactive pixel areaoverthesub-
array Selectecturrentsof thepixelsin theactive areaaresummedn row andcolumn
directions. The processingunit performssimultaneouslfive differentoperationgo
theinputcurrentsthatareprovidedby the sub-array Large corvolution maskscanbe
processedisinga combinationof 3 x 3 corvolution masks. However, the elements
of the convolution maskscannotbe independentlyprogrammed.Independenbf the
masksize,the programmabilityis limited to two differentsub-fieldsof coeficients.

2.5.3 Mixed-Mode Array ProcessorUsing A/D/A Multipliers

Referencd29] depictsamixed-modearrayprocessoim which eachprocessinginitis
4-connectedo its nearesheighborswvith ananalogbus. A processinginit resembles
that of the AuP. An ALU, a sampleand hold unit and switchesareincluded. What
is differentin this designis thatthe ALU performsmultiplicationanddivision with a
combinationof A/D andD/A corverters. By changingthe referencevoltagesof the
ADC andDAC, programmablenultiplicationanddivision arepossible. Thefactthat
the ALU in this designonly hasone multiplier/divider slows down the corvolution
operations.

2.5.4 Mixed-Mode Array Processoifor Vector Matrix Multiplica-
tion

A mixed-moderrayprocessofor performingvectormatrixmultiplicationwasshavn
in [30]. In thisdesignthedatais storedin DRAM cellsin abit-parallelform,i.e. one
row of datain the matrix is representedby the word length of rows of the DRAM.
In this design,the datais storeddigitally, analogone-bitmultiplicationsand chaige
summationsare performedandthe resultsarecombinedwith an ADC. The vectoris
unarycoded.Thecomputatioris basednaccumulatinghe chagethatresultsfrom a
multiplication of two one-bitbinarynumbers Thechageon eachrow is accumulated
asaresultof a multiplication with a unaryvector A delta-sigmaAX) modulatoris
usedto combinethe partialresultsof theunaryvectors.Thefinal resultis obtainedoy
combiningtheresultsof the A~ ADCs.
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2.5.5 Mixed-Mode Nonlinear Oscillator Networks

Referencg31] proposedinonlinearoscillatornetwork hardwarefor performingresis-
tive fusecomputingto extractregionsof image. The8-connected nonlinearoscillator
cellsarearrangednto agrid, eachcorrespondingo a pixel of image.A region of im-
ageis identifiedby coherenfiring of the oscillators. Eachoscillatorcell is provided
with nonlinearlymodulateccurrentsourcesUsing pulsewidth andphasenodulation
techniquego switchthe nonlinearlymodulateccurrentsource€ON andOFF aninput
voltageis nonlinearlymappedinto an outputvoltage. Referencg31] also suggests
the useof pulsemodulationtechniquego realizethe programmableveights. Refer
ence[32] describes nonlinearoscillatornetwork realizationwith 50 x 50 oscillators
in parallel.In therealizedcircuit, the weightswererealizedusingdigital hardware.

2.5.6 DedicatedAnalog Computing Arrays for Image Processing

Referencd33] suggestshatanarrayprocessorcanbe built of processingunits with
several dedicateccomputingcores. The processingasksare separatednto different
catgyoriesanddedicatectircuitry is optimizedfor eachcategory. Accordingto [33],
using this approachis morelikely to leadto more compacthardware than using a
general-purposanalogcomputationakore, sincedifferentprocessingasksmay re-
quire differentqualitiesfrom the hardware. Corvolution operationswith bipolar1/O,
for example,requirelessaccuraterealizationghancircuits for computinggray-scale
convolutions. When using separatecores,the accuray of the core for processing
bipolardatacould be relaxed anda higherprogrammingand computingspeedcould
be obtainable.Circuit realizationscould alsobe optimizedby reducingprogramma-
bility. Even, for example,if the programmabilityof a corvolution maskwereto be
reducedmary importantoperationgouldstill becomputedin Referenc¢33], differ-
entcomputingcoresweresuggestedor bipolarl/O corvolutions,linearspatialfilters,
rankedorderspatialfilters andnonlinearfuzzy-typeprocessingfor example gradient
andtentmap). If all thesecomputingcoreswereincludedin a processingunit, the
areawould grow considerebly Therefore the type and quantityof computingcores
shouldbedefinedby therequirementsf the particularapplicationto beused.In Ref-
erencq34], processinginitscomposeaf dedicateccomputingcoresweresuggested
for performingvideosequenceeggmentation Dedicatedrocessingorescanbemade
of simpleanalogprimitives.Consequentlylow operatingvoltagescanbe used.

3SeeSection2.6 for definition.
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2.6 Cellular Neural/Nonlinear Networks

The cellular neural/nonlineanetwork [35] paradigmis a hardware-orientedheory
that canvery corveniently describemary operationsin which datais manipulated
locally. CNNsarecomposedaf locally connectegrocessinginits (cells)arrangedn
aregulargrid. Thedefinitionof aneuralnetwork givenin Section2.4appliesto CNNs
if the weightsare choserby learningmethods.Otherwiseit is customaryto referto
cellular nonlinearnetworks. This sectiongivessomebasicdefinitionsusedin array
computing followedby CNN theoryandrealizations.

2.6.1 Definitions

In this section,somegeneraldefinitionsrelatingto array processingare given. The
definitionscanbe usedin the context of CNNs, but they canbe appliedto othertypes
of arraycomputersaswell. An individual processothatthe processogrid is com-
posedof canbe called,for example,a cell, a processinginit or an elementarypro-
cessingunit, dependingn therealization.In this section,it is denotedacell.

2.6.1.1 Array Dimensionand Type

The cellsin array processorgre usually arrangedn one-or two-dimensionabrids
becauseplanarsilicon processeare not well suitedfor grids of higherdimensions.
Cellsin two-dimensionahrrayscanbearrangedn gridsof differenttypologies,such
asrectangularand hexagonal. Out of these,it is mostcommonto arrangethe cells
in rectangulagrids. In this thesis,only rectangulagrids are considered.Therefore,
anindividual cell amongan M x N network of cells canbe identifiedby C; ; where
i € [1,M]; j € [1,N]. M is thenumberof rows andN is thenumberof columns.

2.6.1.2 Neighborhoodand ConnectionsBetweenCells

The cellsin an array processorcanusuallyinteractdirectly only with selecteccells
in their close proximity, i.e. neighborhoodcells. The neighborhoodbf cell G j is
a collection of cells that are within a sphereof influenceof cell G j, the radiusof
influencebeing Ry. The Ry-neighborhoodof cell G j consistsof cells Cr,, where
Mm=i+k—(Rav+1),p=j+1—-(R+1), ke [1,2R,+1] andl € [1,2R,+1]. If
cell G j is directly connectedo all cellsin the neighborhoodit is 8-connected.In
a 4-connectedhetwork cell G j is connectedo thoseneighborhoodtells thatarein
thesamerow and/orcolumnascell G j. Otherconnectiity patternsarealsopossible.
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Figure 2.3 Figure2.3a)shawvs afirst-neighborhood3-connectechetwork. Figure2.3b)shavs
anetwork in which the cellsare4-connectedo cellsin a seconcheighborhoodThegraycells
aredirectly connectedo theblackcell. Thedashedectanglesarebordercells.

Figure 2.3a) shaws a network in which the cells are 8-connectedo the first neigh-
borhood. The black cell, for example,is directly connectedo the gray cells. Figure
2.3b)depictsa 4-connectedsecond-neighborhoatketwork. Again, thegraycellsare
directly connectedo theblackcells. Looking at Figure2.3b)it canbe seerthatdirect
connectiongo a large neighborhoodeadto problemsin the wiring. In additionto
theM x N active cells,conditionsatthe borderof the cell grid have to bedetermined.
The dashedectanglesn Figures2.3a)andb) denotethe bordercells (virtual cells).
Boundarycells areactive grid cells thataredirectly connectedo bordercells, while
edgecells areboundarycells that are locatednext to bordercells. Active-grid cells
thatarenotboundarycellsaredenotedegularcells. The bordercellsareusedto cre-
atea correctboundaryconditionfor edgecells. Cells canalsohave anindirecteffect
on eachother This occursin operationsn which informationpropagatethroughthe
directly connectectells. Globalinteractionis possiblethroughpropagatiorof local
eventsthatcanproceedn the processogrid.

2.6.1.3 Convolution-Type Operations

Many array computerscanperformcorvolution-typeoperationgn which the size of
the corvolution maskis definedby the direct connectiongo the neighborhood.The
convolution mask(template)or an8-connectedfirst-neighborhoodhetwork is
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Atn A Agg
A= A1 Ap A3 |, (2.1)
Az1 Az Asz

whereAy | aretheinterconnectiostrengthgweights). Theweightscanbeprogrammable
or fixed. If A;; is the samefor all i, j, the corvolution maskis saidto be space-
independentin hardwarerealizations space-independenof the coeficientsis de-
sirablebecausein thatcase collective programmingof weightsis possible.

2.6.2 Theory of Cellular Neural/Nonlinear Networks
2.6.2.1 Continuous-Time CNN (Original Model)

A cellular neuralnetwork (CNN) [35] canbe describedasa collection of regularly
arrangeddenticalanalogprocessinglementgcells). Thecellsaredirectly connected
to selecteaellsin theneighborhoodEachcell G j hasastatex; j anda constantnput
ui,j. Thesefogethemwith directly connectedheighborhoodells, definetheoutputof a
cell, namelyy; ;. Assumingfirst neighborhoodindthatthetemplatesareprogrammed
space-independentlyhe dependencef the cell stateon the outputsand inputs of
neighborhoodells canbe expressedy the cell stateequation35]

dx; i (t
C det() = — &%, (1) + o1 i1 Akt Ymp(t) 2.2)
+ i1 Y1 Bil Ump(t) +1

wherem=i+k—2, p=j+I|—-2. TermsAy ymp(t) and By ymp(t) describethe
strengthby which cell Cy, p affectscell C ;. A andB arespace-independefgedback
and feedforward templates. If the feedforward templateis zero,the CNN is called
autonomousAlso shavn in Equation2.2 areconstantermsC andR anda constant
biasingterml. In [35], the activationfunction (relationshipbetweerx; j andy; ;) is a
piecaviselinearfunction

1
yii (1) = 106, (0) = 5 [ ) + 1] = ;O - 1] (2.3)
In analogcircuit realizationsthe outputnonlinearityresembles unity gainsigmoid

2
yij(t) = f(Xi’j(t)) = m

whichis a continuoudunctionthatapproximateg&quation2.3. Commonlyusedbor-
derconditionsfor anM x N network with i € [1,M], j € [1,N] aredefinedasfollows:

-1, (2.4)
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If the states,inputs and outputsof the bordercells are fixed, the border condition
is denotedfixed (Dirichlet) boundarycondition. The bordercell statesin a cyclic
(toroidal) boundaryconditionaredefinedasx o = Xi N, XiN+1 = Xi,1, X0,j = Xm,j and
XM+1,j = X1,j. Theinputsandoutputsof the bordercells are definedsimilarly. In
zero-flux (Neumann)boundarycondition the statesof border cells are X0 = X 1,
XiN+1 = XN, Xo,j = X1,j andXmy1,j = Xm,j- Again, the inputs and outputsof the
bordercellsaredefinedsimilarly; for example,yi o = Vi 1.

2.6.2.2 CNN Universal Machine

In a CNN universalmachine(CNNUM) [36] the capabilitiesof the original CNN
areimproved by addingnew functionalitiesto the cell and by introducinga global
analogigprogrammingunit (GAPU). Digital memory Booleanlogic andcontrollogic
areaddedto the cell. Also, analogmemoriesandthe meansto performfunctionsto
the contentsof the analogmemoriesare includedin the cell. The GAPU contains
meando storedifferenttemplatesandlogic programs.It alsostoresdifferentswitch
configurationsandcontainsa unit thatcontrolsall global operations.The GAPU can
be programmedo run setsof templatesandlogic operations.Thereforea CNNUM
canbeusedto run completeCNN algorithms.

2.6.2.3 Polynomial CNN

In a polynomial CNN, the couplingshetweencells canalsobe polynomialfunctions
of cell inputandoutput[37]. For example,the stateof a polynomial CNN with first-
andsecond-ordepolynomialtermsof activationfunction f (x;;) is definedas

dx;j t 1 2
C Xidjt() = — &% () + Y1 T [At(<,|)ym,p(t) +A1(<,|)y%1,p(t)]

1 o , (2.5)
+3k1Yim [B|(<,|)ym,p(t) + B(k,l)yrzn,p(t)] +1

whereAD, BM A2 andB®@ arethefirstandsecondrderpolynomialfeedbackand
feedforwardtemplates.

2.6.2.4 Full SignalRangeCNN

Referencg¢38] proposed CNN to berealizedsothatboththestateandoutputof acell
aretruncatedetweenl andl. Theuseof thisfull signalrange(FSR)CNN someavhat
changeghe CNN dynamics.The FSRmodelhasa coupleof importantbenefitsvhen
it comedo therealizationof CNNs. Firstly, thedissipatie term—%{xi,j (t) in Equation
2.2canberealizedby subtractingheself-feedbackermA; » by unity. Secondlysince
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the stateandoutputareequal,thereis only onetime constantn thecell. Furthermore,
thewhole stateswing canberesenedfor statesbetweenl1 andl.

2.6.2.5 DiscreteTime CNN

Referencg39] proposeda discrete-timeCNN (DTCNN). It was definedas having
continuouslyvaluedinputsandweightsanda bipolar output. A CNN thatperforms
discrete-timentegrationcanbedefinedalsoin amoregeneralvay. Thetime-discretized
rateof changestateof afirst-neighborhood<SRDTCNN cell canbe definedas

3 3
Ax;,j(n) = kle;[Ak,lep(n) + By Um,p(n)] + 1. (2.6)

Thestatex(n+ 1) is determinedy updatingx(n) with afractionof Ax; j(n). This can
berealizedin ananalogdiscrete-timeCNN or in adigital CNN. In adigital DTCNN
the statecan be updatedusing several differentdigital integration methodssuchas
Euler's method Heun’s methodor Runge-Kuttamethod.

2.6.3 CNN Realizations
2.6.3.1 Analog CNN

CNNshave beenrealizedon the basisof boththe original modelandthe FSRmodel.
Referencg40] describes20x 20analogCNN thatis realizedusingtheoriginal CNN

model. The first-neighborhood4-connectectells interactvia differential transcon-
ductancemultipliers. However, the largestrealizationsso far are basedon the FSR
model.Referencg41] describes CNN realizationwith 128x 128cells. Onetransis-
tor, four-quadranimultipliers are usedto realizethe couplingsbetweenrcells. Image
sensorsarealsoincludedin the cells andthereforethe chip is capableof NSIP-type
computing.Therearealsomoreexotic CNN realizations An analogCNN realization
thathastwo layersof active cellsis describedn Referencd42]. Thelayersarecou-

pledandthetime-constanbf the otherlayercanbeprogrammedThe combinationof

thetwo coupledlayerscanmodelcomplec spatio-temporatlynamics.

2.6.3.2 Digital Emulated CNN

A CNN canalsoberealizeddigitally. In digital realizationsthecellsarelesscompact,
andthereforethe numberof cellsis smallerthanin analogrealizations.The benefits
of digital realizationsare their suitability for mainstreandigital technologiesgood

4SeeSectiord.1.2for moredetailson theseintegrationmethods.
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accurag androhustdigital storage An exampleof adigital CNN realizationis shavn

in Referencd43]. It emulategshe FSRCNN by integratingspatialconvolutionswith

Euler's method. Twenty four cells areincludedon chip. Someon-chipmemoryis

includedin the emulatedCNN so thatthe I/O bottleneckbetweenthe memorychip
andCNN chipis easedDueto variableprecision the computingspeectanbetraded
for precision.

2.6.3.3 Positive RangeHigh Gain CNN

A positive rangehigh-gainCNN usesa positive rangehigh-gainsigmoid (threshold
function) asthe activation function. Cellsin this kind of CNN have bipolar /O, but

the templatesarecontinuouslyprogrammablelt cancomputethresholdogic opera-
tionsfor neighborhoodells. If thereis no needfor gray-scaleoperationshaving the
thresholdfunction asthe activation function greatly simplifiesthe analogdesign. A

multiplier, for example,canbe composeaf a currentsourceandswitcheg44].
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Chapter 3

Algorithm for Analyzing Brain
Electrical Activity in Epilepsy

3.1 Background

Epilepsyis a chronicdiseasén which the patientsuffers from seizureghatwealen
awarenessind sensatiorand causeinvoluntary movementsand spasms.About one
percentof all peoplein theworld have epilepsy[1]. Theseizuresarecausedy tem-
porary electrical disturbancesn the brain. Epilepsydoesnot influencea persons
intelligence;betweerseizuresnostpeoplethathave epilepsycan,in principle,live a
normallife. However, suigical therajy andanti-epilepticdrugsdo not provide control
overepilepsyfor 25%of patientq1]. A sudderepilepticseizurewhile thepatientisin
adangerouplaceor driving a car, for example,mayleadto seriousnjury. If theonset
of anepilepticseizurecouldbepredictedninutesbeforetheseizurethepatientwould
be givenanopportunityto seeka safeplace.A portable possiblyimplantable device
might alsohelpmitigateor preventanepilepticseizureby automatigpharmacological
or electrotherapeutimeans.

3.1.1 Prediction of the Onsetof an Epileptic Seizure

Variousdifferentmethodghatcouldbeusedto predicttheonsef anepilepticseizure
arebeingactively researchedSomeof theresearchactiity is overvievedin [1]. A
commonfactorin thesemethodsis that they requirecomputationof demandingal-
gorithmsfor a large setof data. The datasethasto be large becauset is difficult
to distinguishmeaningfulandreliablecharacteristicérom shortdatasegments.Fig-
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Figure3.1 A segmentof EEGwith 5000samples.

ure 3.1 showvs a sggmentof 5000samplesof EEG during a seizure-freenterval. The
task of predictingan epileptic seizurecould be characterizeds extracting essential
informationfrom amongnoisy datawithout knowing exactly whatthe essentiainfor-
mationis. Thefollowing descriptionshovs oneprominentanalysismethodthataims
at predictingthe onsetof anepilepticseizure.

Recentadvancesn researclof epilepticseizureshave shovn that, by performing
nonlineartime seriesanalysidor invasvely recordedsamplef single-channeEEG,
changesn brainelectricalactivity canbe characterizedndusedfor the predictionof
theonsetof anepilepticseizurg2], [3]. Theanalysiss basedntheobsenationthat,
minutesbeforethe seizuretakesplace the epilepticareaof thebraingoesinto alower
complity state. The stateis characterizedby a measurecalledeffective correlation
dimensioanff. In Referencd?2], samplesof EEG (fs = 173Hz) were invasively
recordedfrom the epilepticarea,corvertedto digital, andlow-passfiltered. Dimen-
sion DS” wasdeterminedrom half-overlappingsegmentsof EEGwith 30sduration.
Thenumberof samplesviN thathff is determinedrom affectsthemaximumobtain-
abledimensionsothatDy max < 2l0g;o(MN). In [2], thenumberof samplesMN was
over 5000. This numberof samplesvaschoserasa compromisebetweerreliability
of thedimensiorandcomputationaéffort. VectorsXy(i) of lengthm, me [1,30] were

formedfrom sampleof EEGV(i); i € [1,MN], usingthe methodof delays

Xen(i) = [V(1), V(i + 1), V(i + 21), ..., V(i + (M= 1)T)] (3.1)

with afixeddelayt. Thevectorswereusedto computecorrelationintegral

1 MN—-1 MN . .
Colr) = iz 3, 3. H =Pl XDl (32)
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whereH is the Heaviside (threshold)function andr is a radiusthatis assigned\;

valuesbetweenlower boundr; andupperboundry. The maximumnormwas used
to describethe differencebetweenvectorsXn(i) and Xn(j). The derivative of the
correlationdimension

o _ dIogCa(r)

m() " dlog,r (3:3)
wasusedto computean estimatorof DS” , the estimatorbeing
1w
D==—%C (3.4)
N e m(r)-

The upperandlower boundr; andr, were selectedon the basisof the derivatives
of the correlationdimensionwith differentvaluesof m. Using the estimatorD* the
effective correlationdimensionwasdeterminedvith

ool _ { D*, if D* <DzmaxandN 25 (3.5)

2 Dy, else

Consecutie valuesof the effective correlationdimensionwererecorded. The dimen-
sion profile obtainedwascomparedo a threshold.If the dimensionremainedoelow
athresholdvaluefor a certainnumberof samplesthis wasinterpretedasa low com-
plexity of thedimensionand,furthermore a precursoof anepilepticseizure.

The correlationintegral of Equation3.2 is computationallydemandingsince a
doublesummatiorof thresholded/ectornormsneeddo be computed Effective com-
putationof the correlationintegral usingaworkstationwasdiscussedh [4]. However,
in orderto build a portablesystenthatcouldbeusedfor online predictionof epileptic
seizuresa compactJow-power processinglevice is needed.

3.2 Analysisof EEG in Epilepsyusinga CNN

Researclinto the analysisof EEG with a CNN is motivatedby the factthata CNN-
basedrealizationcould potentially be usedfor predictingthe onsetof an epileptic
seizureusingalow-power, physicallysmallsystem.Referencg5] proposed polyno-
mial CNN for analyzingbrainelectricalactivity in epilepsy Thebenefitsof describing
the EEG analysisalgorithmusing CNN theoryarethatthe theoryprovidesa corve-
nientway of describingnonlineardynamicsandthatthe architecturds suitablefor a
parallelprocessoimplementationAlso, fusion of informationfrom severalchannels
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is possibleusing CNN-type computers.This may be helpful in someanalysismeth-
ods. Furthermoremary of the analysismethodsneedto be tunedfor eachpatient
individually; tuning may also be neededto copewith differentlevels of vigilance.
Tuningcanbe performedby alteringthe CNN templates.

3.2.1 CNN-BasedAlgorithm for Prediction of Epileptic Seizures

Referenceg5], [6] and [7] useda polynomial CNN to estimateDgff with CNN-

dimensionDcnn. The resultsshoved thata CNN could producereliable estimates
of Dgff. In Referencd5], the CNN stateequationwaslik e that of Equation2.5, but

thefeedforwardtemplatesverezero

dy; 3 3
P = Rua0+ 3 3 () +ADR0] 41 @9

In Equation3.6,symbolsA(d andA(@ denotethelinearandsecondrderpolynomial
feedbacktemplates.In Reference$6] and[7], the useof higherpolynomial orders
andthesecondeighborhoodvasalsoinvestigatedReferencd5b] usedtheunity gain
sigmoidof Equation2.4 asthe outputnonlinearity whereasin [6] and[7], the piece-
wise linear outputnonlinearity(Equation2.3) wasused. Differentborderconditions
werealsousedn [5] and[6]. In all casesCNN-dimensiorDcyy Wasdeterminedvith
datasggmentghatcontainedb184sampleof EEG. Thedatawaswritten astheinitial
cell statesof a72x 72 CNN. Consequersamplesvereloadedto the network pixel by
pixel, row by row. After applyingatransientvith the CNN, theaverageof the outputs
of the cellsyieldedthe CNN-dimensiorDcnn. The taskof the CNN in determining
Dcnn canbe describedas an extraction of essentiainformation from amongdata
in which the dataunits are not topographicallyarranged.Therefore,no input/output
mappingis available for the determinationof the weights. Other methods,suchas
evolutionarylearning[8], werethereforeusedto determinethe weights. The Denn
templateshave to be determinedndividually for eachpatient. In [7], it wasshowvn
thatthe learningof Doy templatessantake morethana hundredthousandteration
rounds. To keepthis time short,the hardwarehasto be capableof computingDenn
rapidly.

3.2.2 SystemRequirements

Figure 3.2a) depictsa systemthatis composef a processomrray (CNN), a data
acquisitionunitincludingalow pasdilter, apost-processingnitandamicrocontroller
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Figure 3.2 Completesystemwith processoarrayandadditionalcomponents

for controlling the system.The processoarray hasaccesdo voltagereferencesand
to memoriesthat containthe weights. The dataacquisitionunit providesdatato the
processoarray CNN-dimensiorDcny is computedonceevery fifteensecondsince
half-overlappingsegmentsof 30sdurationare processedT he post-processingnit is

usedto averagethe outputsof thecellsandto interprettheresultingdimensiorprofile.

A long-termgoalis to integratethewhole systenmon asinglechip. However, currently
the focus of the investigationsis on the realizationof the CNN processar Based
on the experimentsof [5], [6] and[7], the realizationof the CNN processotargets
a capability of processing72 x 72 data, linear, second-and third-orderpolynomial
feedbackerms8-connectedo first-neighborhooéndprogrammabléemplatesThe
biasvaluel is choserto be zero. Therefore 27 multipliers areneededn eachcell to

realizethe couplings. The cells areto have continuouslyvaluedstatesand outputs.
The boundaryconditionis left a free designparameter Also, the requiredaccurayg

is not specified.A miniaturizedimplementatiorof a processowith thesegualitiesis

studiedin therestof this thesis.

3.2.3 Characteristics of the Polynomial CNN

Whena CNN is consideredor the determinationof Dcny, it is importantto stress
someissuesthat affect the realization. Due to the mary feedbackconnections;t

is importantthat the dynamicbehaior of the network is correct. Both delaysand
noisecanaffectthis. Also, long retentiontimesin the memoriesarerequired.In the
following thesecharacteristicarebriefly overviewed.
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3.2.3.1 Effect of Delays

Referencd9] shaws how the stability of an ideal polynomial CNN dependn the
feedbackcoeficients. In a physicalrealization,the stability may alsobe affectedby
delaysdueto parasiticcapacitancesFigure 3.3 depictsthe feedbackstructureof a
polynomialtype CNN with linear, second-ordepolynomialandthird-orderpolyno-
mial feedbackerms.In Figure3.3,1,u), T2 andTs areusedto describedelaysin
the feedbackpathsof the first-, second-andthird-orderterms. Cell stateis marked
by x, cell outputby y andA(zg , Agzg andAS% arethefirst-, second-andthird-order
feedbackcoeficients. Blocks y? andy® producesecond-andthird-orderpolynomial
termsof the cell output.

Ideally, the amountof feedbackshouldbe a function of cell outputat ary given
time. However, thereis a delayin the feedbackpathintroducedby the multiplier and
by the blocksthat producethe polynomialterms. Considerthat only one feedback
templates usedatatime, for example,A(z‘?’%. In this caseall multipliersarecontrolled
by thethird-orderpolynomialfunctionof cell output. Therefore afirst-orderapprox-
imation canbe madesuchthatthe delaysareequalin all feedbackpaths.This is be-
causehefeedback®f all termsareconnectedhroughsimilar pathsandit is assumed
thatthedelaysof individual pathsareequal.In reality, differencedetweerdelaysof
same-ordefeedbackermsexist dueto mismatchebetweertransistoparameterghat
arecausedy processingzariations.In practice thesedifferencesn delaysaresmall
comparedo atypicaltime constanbf a CNN; thereforethefirst-orderapproximation
workswell.

Whendifferentordertermswith dissimilarfeedbackpathsarecombinedfeedback
termscan have significantdifferencedn delays. A first-orderapproximationof the
statecurrentof acell is

Ix(t) =loc+ 1y (t = T,0) + 2t —T2) + 1@t —Tu9), (3.7)
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whereloc is thesumof currentdrom othercells, | ;) is alinearfeedbackcurrent,l )
is a secondorderpolynomialfeedbackcurrent,l ) is athird orderpolynomialfeed-
backcurrentandt, i), T,2) andt, arethecorrespondinglelays.If thedifferenceof
the delaysare comparabldo the time constaniof the CNN, the dynamicbehavior of
the network canchangedramatically The stability of neuralnetworkswith different
delaysin the feedbackpathshasbeenstudiedin Reference$10] and[11], for exam-
ple. Oneway of avoiding the problemof differentdelaysis to increasehe CNN time
constantoy usinga larger statecapacitor Referencg12] useda CNN time constant
thatwasl10timeslargerthantheparasitidcime constantA factorof 10wasconsidered
largeenoughto make the parasitictime constantsnsignificant.In a polynomialCNN,
the CNN time constanshouldprobablybeatleast10timeslargerthanthedifferences
of delaysin the feedbackpaths. This would requirea lot of die area. Also, the de-
laysof differentorderfeedbackermscouldbematchedisingsuitabledelayelements.
This alternatve may not be straightforward to realize. In this thesis,the problemis
solvedby usingdiscrete-timantegrationasdescrebeih Chapterd.

3.2.3.2 Transient Noise

Whendesigningalargearrayof cellsfor gray-scalerocessingnoisein theoperating
voltagemay alsocauseproblems.At the startof transienthigh currentpeaksmay be
drawn from the power sourceandthe voltagelevel canfluctuatesignificantly Such
fluctuationcan deflectthe stateevolution into a path that leadsto a wrong enegy

minimum. Stability of the network may alsobe a problem. Therefore the operating
voltagesshouldbe designedo beasstableaspossible.This canbeachiezedby using
a high-performanceoltagesourceand by designingthe power distributing network

sothathigh-frequeng currentcomponentgsanbedelivered.In aminiaturizedsystem
this may not be trivial. In this thesis, discrete-timeintegration (see Chapter4) is

applied.Whendiscrete-timentegrationis used transientsareallowedto settlebefore
eachiterationsothatthetransientsio not affect theintegration.

3.2.3.3 Memory Retention Time

Sinceasamplingfrequeng of 173Hzis usedfor loadingtheinitial statesothe72x 72
network, aninitial statehasto be storedfor up to 30 secondsin orderto storegray-
scaleinformationfor suchalongtime in the analogdomain,the size of the memory
elementbecomedarge. Datacanalso be storeddigitally outsidethe cell grid, but
loading a large statecapacitorto its initial statebeforethe startof processings a
time- and current-consuminggask. In this thesis,the memoryretentiontime is not a
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problemsinceamixed-modedesignwith staticdigital memorieds used(seeChapters
4 and5 for details).

3.3 Choiceof ProcessomHardware

Therealizationof apolynomialCNN for analysisof EEGis notaneasytask. It should
be highlightedherethatevenif thealgorithmis describedisingCNN theory, thetype
of hardwarethatis usedfor the realizationis left open. In this section,selectedeal-
izationalternatvesof processor$or determiningDcenn arediscussedThe processor
architectureso be consideredreoverviewedin Chapter2. Thetaskis to find agood
compromisebetweerspeeddie area power consumptiorandaccurag.

3.3.1 Analog Alter natives

It is possibleto includepolynomialfeedbackermsto ananalogCNN. In Reference
[13], circuits for producinglinear andsecond-ordepolynomialtermswereincluded
in theCNN cell. However, if ananalogpolynomialCNN with 72x 72cellsis built, the
power consumptioranddie areagrow large. Thepower consumptiorof the128x 128
analogCNN of [14] is about4W. Also, the die areaof the chip is 145mnt. A cellin
the circuit of [14] has12 analogmultipliers, whereasa CNN with threepolynomial
ordersof feedbackermscontains27 multipliers. Therefore the power anddie area
figuresof the CNN of [14] anda 72 x 72 polynomial CNN are comparable.If the
72 x 72 datawasto be partitionedinto blocksandprocessedisinga cell arraywith a
downscalechumberof cells, the power consumptioranddie areawould be reduced.
However, the determinationof Dcnyn requiresglobal interactionof the whole input
data.

Sincethe collectionof 5124samplega segment)of EEGwith fs of 173Hz takes
30 secondsandDcyy is determinedrom half-overlappingsegments Deny is deter
minedevery 15 secondsTherefore gvenif the pawerconsumptiorduringprocessing
were4W, the averagepower consumptiorwould be ratherlow. However, a72x 72
analognetwork is unnecessariljastfor the application. Evenif a high computing
speedis beneficialin learningthe weights, somavhat slower approachesvould be
adequate.Delaysandtransientnoisemay affect the operationof a continuous-time
CNN. Furthermoreamajorproblemis thelimited retentiontime of analogmemories.
In practice samplesof EEGwould probablyhave to bewritten into a digital memory
and,prior to processingbecorvertedto analogandtransferredo theanalognetwork.
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The analogmicroprocessofl5] performsdiscretetime computationsothetran-
sientnoiseanddelayswould notbea problem.However, it sharegheproblemsof the
retentiontime, power consumptioranddie areawith theanalogCNN. Sincethetem-
peratureof animplanteddevice staysat body temperaturethe requiredtemperature
rangeis small. This facilitatesthe designof analoghardware.

3.3.2 Digital Solutions

Processindcnn digitally is potentiallyagoodalternatve. Onecouldusemainstream
alternatves suchasa DSRE an FPGA or an ASIC. Alternatively, a digital bit-serial
processoor adigital CNN couldbeused.Rolustdigital storageanddiscretetime in-
tegrationwouldyield goodresultsanda sufficient computingspeedcould mostlik ely
be obtained.However, the Dcny algorithmrequiresmary multiplications. Therefore,
realizationof the digital multiplication shouldbe carefully plannedin orderto keep
the power consumptiordown. The characteristicof a digital CNN realization[16]
aresummarizedn Table5.4.

3.3.3 Mixed-Mode Realizations

Mix ed-moderealizationsbenefitfrom robust storageand compactanalogmultipli-
cation. Differentmixed-modearchitecturesvere shavn in Section2.5, but none of
themis directly suitablefor realizationof a chip for determiningDenn. The network
of Referencdl17] is interesting sinceit realizesnonlinearweightfunctions. Thenon-
linearweightfunctionswereimplementedisingglobalnonlinearlymodulateccurrent
sourcesand PWM and PPM modulationtechniques. The cell statewas expressed
by oscillations. It is very likely thatdueto transientand switchingnoisethe design
of a 72x 72 oscillatornetwork would be very challenging. In arny case,combining
analoganddigital computingunitsin someway may prove a viable approach.The
limited temperatureangeof an implanteddevice is alsobeneficialin mixed-mode
realizations.
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Chapter 4

Mixed-Mode CNN

This chapterdescribeghe structureand operationof a mixed-modeCNN. A cell in
a mixed-modeCNN is composedf a digital integrator (including digital memory),
analogcircuitsfor multiplying andgeneratinghe polynomialtermsandA/D andD/A
corvertersto interfacebetweerthem. An algorithmfor predictinganepilepticseizure
usinga CNN wasdescribedn Chapter3. Differentrealizationconstraintsverealso
identified. A mixed-modeCNN is a prominentcandidatefor analysisof brain elec-
trical actwity in epilepsy Sinceit performsdiscrete-timantegration,it successfully
dealswith the problemof delaysandtransientoise;beforesampling,time is given
for the sumof currentsat the integrationnodeto settledown. Therefore samplingis
performedeffectively underDC-conditions.Also, theinitial statesof thecellscanbe
robustly storedin thedigital domain.

In amixed-modeCNN, the sign of cell stateis known atall times. Consequently
one-quadrarénalogoperations requiredfrom the arithmeticcircuits (multiplication,
polynomialterms)andextensionto four quadrantsanbe performedby steeringthe
outputcurrentof a one-quadrantircuit into a positive or negative sumnode. This
facilitatesthe designof the polynomialtermsin particular This is importantin the
epilepsyapplicationbut alsoin otherapplicationghatutilize polynomial CNNs. For
example,the useof a polynomial CNN hasbeenproposedor displacementector
estimation1] andfor 3D modelingof soil [2].

In mary casesijt would be beneficialto tradethe computingspeedof a CNN for
a smallerdie areaandlower power consumption.Sucha tradeof is possibleif the
numberof cellsin a CNN canbe downscaled.In a mixed-modeCNN, the input data
canbe partitionedinto fractions(blocks)thatareprocessedeparately Theseblocks
of datacanthenbe processedvith a CNN, the sizeof whichis downscaledo match



40 Mixed-Mode CNN

input output currents
currents oo

weight

| analog multipliers ‘evec or

digital
integrator

Figure 4.1 Mixed-modeCNN cell with linear, secondandthird order polynomial feedback
terms.

thatof a fractionof input data. Section4.2 shaws that, if the blocksof input dataare
writteninto thenetwork in parallel,datain differentblockscaninteractandonly local
I/O operationsarenecessarguringprocessing.

4.1 Characteristics of a Mixed-Mode CNN

4.1.1 Operating Principle and Definitions

A mixed-modeCNN is aneffort to combinerobustdigital storagevith compactinalog
multiplicationin the sameprocessinglement.Figure4.1 shovs a mixed-modeCNN
cellwith linear, secondandthird-orderpolynomialfeedbackerms.In amixed-mode
CNN, analogmultipliers areusedto realizethe couplings. The sumof currentslgym
that entersthe cell at the sumnodedescribeghe rate of changeof cell state. Igymis
corvertedto digital usingan ADC. The resultis integratedwith a digital integrator
Sincethefull signalrange(FSR)model[3] is used the cell outputequalshedigitally
limited cell state. The analogoutputof a cell is representedby currentsavailableat
the DAC outputs. Oneoutputcurrentis allocatedfor eachpolynomialterm. Block
I /V is acurrent-to-wltagecorverterthatcontrolsthe multipliersthatareusedfor the
linearcouplings.Blocks1?/V andl®/V producesquareandcubictermsof cell output
currentand corvert it to voltage. Thesevoltagesare usedto control the multipliers
associateavith the second-andthird-orderpolynomialfeedbackerms.

A CNN cell is a device that performscontinuous-timentegration of the sum of
cell input currentslsym;,j (t). Whenthe FSRmodel[3] is used,lsum;,j (t) is integrated
in thestatecapacitor This currentdefinesherateof changeof cell statetogethemwith
thestatecapacito/Cy. Therateof changeof thestateof acellin it" row and " column
(i € [1,M], j € [1,N]) in acontinuous-timd=SRCNN with linear, quadraticandcubic
couplingsis
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wherem=i+k—2, p=j+I|—2andV,; is the statevoltage. The statevoltage
is boundedby unit voltageVuni accordingto |V | < Viuni. Also shavn in Equation
4.1is unit transconductanc@,ni. The unit transconductancis neededo transform
the contributions of the feedbacktemplatesA® | A and A® into currents. In a
corventionalCNN, the unit currentis definedusing a stateresistor Sincean FSR
CNN doesnot have a stateresistor the unit currentcan be definedusing the unit
transconductancso that lynit = Tunit - Vunit- When Equation4.1 is time-discretized,
the stateV; j(n+ 1) is iteratively determinedoy appendingv j(n) with a fraction of
Isumi,j (N)/Cx. In amixed-modeCNN, the sumcurrentlsym;,j(n) is digitized andthe
resultingdigital rate of changeof stateri; ;(n) is digitally integrated. The digitizing
of Isumi,j(n) with a limited number(ba) of bits shouldbe doneso that the loss of
significantinformationis minimized.

The absolutevalue of the maximumof the sum current, namelylnax iS upper
boundedby the sumof all weightsmultiplied by Tyni:. Thedigitizedrateof changeof
stateis representeavith ba bits sothatrii j(n) € [0,2° — 1]. Hereit is assumedhat
theresultof thedigitizing is representeéh signandmagnituddorm. Whenlsym;, j (n)
is positive, the maximumamplitudeis assignedo rij j(n) accordingto

riij(n) = 22271 — 1 if 1symi j(n) > Ka - luni, (4.2)

whereky is a constanscalingfactorthattogethemwith 1y definesghe maximumrate
of changeof statethatis representedigitally. Similarly, whenlsum;,j(n) is negative,
the maximumamplitudeof ri; j;(n) saturateso

rii j(n) = 2°A — 1if lsymi j(n) < —Ka- lun. (4.3)

Therefore,if Ka - lunit < Imax the maximumamplitudeof the digital rate of changeof
stateis boundedby thedigitizing processAlso, since

i (n) =0 if  [lsumi,j(n)| < Saet, (4.4)

thechoiceof ka is atradeof betweerrepresentingmallcurrentsaccuratelyandupper
boundingthe digital rate of changeof state. The resolutionof the digital stateof the
integrator (andthe ADC) is bp bits. Hereit is assumedhatbp > ba. Beforebeing
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fed to theintegrator, the digital rateof changeof staterij j(n) is shiftedtowardsmsb
by bp — ba bit positions,i.e.

ri,j (n) = I’ii’j (n)- ZbD_bA, (4.5)

wherer; j (n) is theshifteddigital rateof changeof state.Thisway, themostsignificant
bits of r; j(n) andtheintegratorareof equalvalue. Theintegrationstepis definedas

1

h=——
ka - 2k’

(4.6)
wherescalingparametekp is a positive integer that defineshow mary bit positions
ri,j (n) is shiftedtowardslsb beforeit is fed to theintegrator Thescalingparameteka

is arealnumberthatcanbetunedwith areferenceurrent/oltageof the ADC andsoit

alsoaffectstheintegrationstep.Thereforetheintegrationstepdoesnot needto bean
integer power of two. Whena mixed-modeCNN is designedtheintegrationmethod
andscalingparametersalongwith theresolutionsba andbp, mustbeselected.

4.1.2 Choiceof Integration Method and Converter Resolutions

Whentwo or moresetsof feedbacklemplatesareusedin a large autonomougoly-
nomial CNN, it is importantthat the dynamicevolution of the statesof the cells is
correct. Consequentlyit is importantthat the stateintegrationin the mixed-mode
CNN is carefullyplanned.Thelimited resolutionsof the datacorvertersaffectthein-
tegration. Evenwhenknown digital integrationmethodsareused,their performance
with nonidealcorvertershasto beinvestigated Also, the cell-level realizationof an
integrationmethodis a factorthataffectsthe choiceof the method.In Referencd4],
aCNN wassimulatedusingEulerCauchyHeun's! andfourth-orderRunge-Kittain-
tegrationmethodsandthe resultswere compared.Herethe integrationmethodsare
comparedakinginto accounthe nonidealityof the corverters.Comparisoris made
in termsof corvergencetime and aspectof cell-level realization. The comparison
processs suchthat, on the basisof simulationswith differentintegrationalgorithms
andcorversionaccuraciesthe bestcombinationcanbe selected.

4.1.2.1 Considered Integration Algorithms

The threeintegrationalgorithmsconsideredn this sectionarebriefly reviewed. The
EulerCauchymethodfor solvingnonlineardifferentialequationsanbedescribedy

1Heuns methodof integrationis alsoknown aslmproved Eulerintegrationmethod.
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Xi,j(n+1) =% ;(n) +h-ri ;(n), 4.7)

wherex; is thestateof acell attimeindex n; n=[0, 1,...], his theintegrationstepand
ri,j (n) is thedigital derivative of the state.
Heun’s (predictorcorrector)integrationmethodis suchthatfirst predictedstate

){j(n+1):xi7j(n)+h-ri,j(n) (4.8)

is determined.The digital derivative of stateat the predictedstater; ; (n+ 1) is then
computecandthe correctedfinal) stateobtainedusing

Xij(n+1)=x,j(n)+ %h[l’iyj (n)+ l‘fij (n+1)]. (4.9

In the Runge-Kuttamethod four auxiliary component&l — k4 arecomputed For
example, the auxiliary rate of changeof stateri("jl) (n+ 1) is computedat auxiliary
statexi{kjl) (n+1) in orderto determinek2. At time n+ 1, the statex; ;(n+ 1) canbe
obtainedby combiningthe auxiliary termsanddividing by six, asshovn in Equation

4.10.

X1(’kj1)(n+1) :X|’J(n)+h'ri,j(n) =x;,j(n) +Kk1

X(n+1) =x(n)+5-r5(n+1) =%i(n) +k2/2

X1(,kj3)(n+ 1) =x(n+ LZ‘ . ri(ﬁz)(nﬂ— 1) =Xi,j(n) +k3/2 (4.10)
3)

%j(N+1) =X+ (kl+2-k2,+2-k3+kd)

4.1.2.2 Heuristic Comparison of the Integration Algorithms

In orderto choosethe integrationsteph, accuracie®f the ADC, DAC andthe inte-
grationmethoda heuristicmethodfor analyzingthedifferentcombinationsvasused.
The methodwas suchthat first the network wasinitialized to sucha statethat small
errorsin theintegrationled to corvergenceinto wrong final states.The evolution of
the statesof the cellsin theideal case(very smallh, ideal corverters)wasrecorded.
Then,for eachintegrationmethod differentcombination®f integrationstepandcon-
verteraccuraciesveretried andthe dynamicevolution of thestatesvasrecorded.The
heuristicmethoddoesnot provide accuratequantitatve results,but is usefulin com-
paringthedifferentalternativesfor realizinganintegratorfor amixed-modeCNN cell.
In Referencd4], similar typesof experimentavereperformedwithout the nonideali-
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ties.

In thefirst simulation,the effect of the nonidealADC wasinvestigatedThereso-
lution of the ADC wasserenbits andthe DAC wasideal. Sincethe resolutionof the
ADC is limited, a decisionhasto be madewhetherto detectsmallratesof changeof
stateaccuratelyand omit fastchangegsmall ka) or shav small changeswith rough
resolutionandalsodetectfastchangef state(largeka). In thefirst simulation,the
maximumrateof changeof statethat canbe detectedvastwo timesthe unit current
(ka = 2). Also, in this simulation,the scalingparametekp wasallowedto be areal
number Figure 4.2 shavs Matlab simulationsof the evolution of a selectedcell’s
stateasa function of the integrationstep. The simulationwas performedwith four
cells having linear and second-ordepolynomialfeedbackandzeroboundarycondi-
tions. The solid curvesin the figuresrepresenthe correctbehaior of thecell. The
dashedine representshe casewhentheintegrationstephasbeenmadetoo largeand
the stateevolvesto awrongenegy minimum.

The top curvesof Figure 4.2 were simulatedwith EulerCauchymethod. Two
hundredsixty fiveiterationswereneededo obtaina steadystate.Thelargestintegra-
tion steph thatgave the correctbehavior was0.045. If the integrationstepwasmade
larger, the outputfollowed the dashedcurve. The middle curveswere obtainedwith
Heun’smethod.Beingatwo-stepalgorithm,thecorvergencdime hasto bemultiplied
by two in orderto be ableto compareit with the EulerCauchymethod. Therefore,
a stableoutputwas obtainedafter 74 steps. Correctbehaior was obtainedwith an
h of 0.265. Finally, the curveson the bottomwere simulatedwith the Runge-Kutta
algorithm. Becauset is a four-stepalgorithm, it resultsin a corvergencetime of 48
steps.Thelargesth thatgave a correctbehaior wasO0.8.

In the secondsimulationthe limited resolutionof the DAC was also taken into
account. Theresolutionof the ADC (ba) waskeptat seven bits. The simulationar-
rangementvas similar to the previous simulation,but now both the integrationstep
andDAC resolutionbp werevaried. In this simulation,only integerswereallowedin
the scalingparametekp. The maximumrate of changeof statewaslimited to four
timesunity current(ka = 4). The EulerCauchymethodcorvergedinto the correct
final statewhenthe DAC resolutionwasten bits with integrationstep1/32. It took
195 iteration stepsto converge. Similarly, Heun's integration methodcorvergedin
54 stepsinto the correctfinal statewhenthe DAC resolutionwas eight bits andthe
integration stepwas 1/4. The simulationof Runge-Kitta methoddemonstratedo-
bustperformanceIntegrationsteph wasfixedto 1/2 and DAC resolutionof six bits
gave a correctfinal statein 76 steps.On the basisof thesesimulationsit seemghat
Heun’s method,and especiallyRunge-Kutta method,cantoleratethe nonideality of
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Figure 4.2 Simulationfor finding theintegrationstepandcorvergencetime.

the corvertersmuchbetterthanthe EulerCauchymethod.

4.1.2.3 Implementation Aspects

Whentheresolutionof an ADC is improved,the corversionspeeddecreaseandthe

die areagrows rapidly. The 7-bit ADC usedin the simulationmentionedin Section
4.1.2.2is potentially a good compromisebetweendie areaand resolution. In the

previous simulationsthe maximumrateof changeof statewaslimited to two or four

timesthe unit current. Someof this nonidealitymay be eliminatedif templatevalues
are chosenby learningmethodsasin the caseof determiningDcnn. Largerranges
of the ratesof changeof statecould be representedf a nonlinearADC [11] were
used.In anonlinearADC, largevaluesof thestatederivative arerepresentewith less
accurag thansmallones.However, theuseof anonlinearADC would complicatethe

integratordesign.

The EulerCauchymethodshowved desiredperformancavhena 7-bit ADC with
ka = 4 andbp = 10andtheintegrationsteph was1/32. Thedownsideis thatrealiza-
tion of a10-bit DAC to eachcell is not practical. The Runge-Kuttamethodcorverges
fastandtoleratescorverternonidealitiesvell, but its downsideis theimplementation.
Completingthe algorithmrequiresmultiplicationby 2, 1/2 and1/6. Multiplication
anddivision by two canbe performedwith little extra hardware,but division by six
is not easyin the digital domain. Also, sincememoryneedsto be allocatedfor four
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Figure 4.3 Inputdata.

auxiliary terms, a cell-level implementationof an integrator basedon Runge-Kutta
algorithmseemsmpractical.

Accordingto thesimulationsandaspect®f implementationHeun'smethodseems
like the methodof choice.Simulationsdemonstrategoodperformanceavhena 7-bit
ADC andan 8-bit DAC wereused,the maximumrate of changeof statewaslimited
to four timesthe unit currentandtheintegrationstepwas1/4. Designof a 7-bit ADC
and8-bit DAC to eachcell is challenging but, neverthelesswithin the limits of what
canbedesignedn apracticalrealization.

4.2 ProcessingDatain Blocks

This sectiondescribesow datacaninteractglobally in a mixed-modeCNN evenif
the datais processedblockwise. The datablocksarewritten to the cellsin layersso
thateachlayerof datain the cell memorycorrespondso a block of data. Therefore,
the numberof cellsis downscaledout the amountof memoryin acell is increasedn
the sameproportion. This way, all I/O operationgluring processingarelocal (within
the samedie). This sectionalsodiscusseslifferentwaysof partitioningthe dataand
connectingdataunitsin differentblocks. Also, the effect of downscalingthe number
of processorso processingpeeddie areaandpower consumptions described.

4.2.1 Division of Data into Blocks

Figure4.3 shavs theinitial M x N data. Dataunit (i, j), i € [1,M]; j € [1,N], repre-
sentstheinitial datain i row and j™" column. If the datais partitioned the sizeof a
datablockis M/Ry x N/Rx whereR, andRy arepositive integerslargerthan,or equal
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to, one.Additionally, Ry is anintegermultiple of M sothatM /Ry is anintegerandRy
is anintegermultiple of N sothatN /Ry is aninteger. Thereforethedatais partitioned
into Ry = Ry - Ry blocks. Sinceall datais storedin thepartitionednetwork, thememory
in eachcell hasR, layers. The orientationof the datablockscanbe changediuring
the partitioning. This affectsthe way datain differentblockscanbe coupled. If the
orientationsof the datablocksare not alteredduring the partitioning, theinitial data
is choppedinto blocks so that dataunit (i, j), is mappedinto dataunit (iic, j jc, kk),
iic € [LM/Ry]; jic € [1,N/Ry]; kk € [1,Ry] sothat

ic= (i—-1) modRMy+1
jle= (-1 mod§ +1 : (4.11)
kk= Ry(i—iic)Ry/M+(j—jjc)Re/N+1

Anotherway of partitioningconsideredereis folding. In the folding approachthe

original M x N datais foldedinto R, blockssothatdataunit (i, j) is mappednto data
unit (i, jj¢,kK), iis € [1,M/RJ]; jjt € [1,N/R] accordingto

) i it (29R mod2=0
i = ) N
RMy —iic+1 if ('_ L{A_)Ry mod2=1 (4.12)
. jif if %modZ:O
W= U B ojjern it U=l9R mod2=1

Figure4.4b)shaws theresultof partitioningthe dataof Figure4.4a)usingEqua-
tion 4.11 (chopping). Figure 4.4c) resultswhenthe datais partitionedusing Equa-
tion 4.12(folding). In bothcasesRy = Ry = 4. A combinationof thesepartitioning
methodsis alsopossible;for example,the datacanbe choppedvertically andfolded
horizontally The partitioneddatais written to the initial statesof the mixed-mode
CNN. For example,if thedatais folded, (ii, j j,kk) = (iit, j jf,kk) andtheinitial state
of layerkk of acellin it row and j j' columnis X jj x = (i, j j, kK).

4.2.2 Realizationof Intra-Block Couplings

Whetheror not the orientationof the datablocksis changedduring the partitioning
affectstherealizationof couplingshetweerblocks. If thedatais choppedtheorienta-
tionsof datablocksareleft unaltered)datahasto betransferredetweerthe opposite
sideedgecells. If thedatais folded,no intra-celldatatransferis neededo corvey the
boundaryinformation.A downsideto thefolding methodis thatthe orientationof the
templatealsohasto beflipped during processingWhendatais choppedor foldedin
two dimensionstherealizationof intra-blockcouplingsbecomesnoredifficult.
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Figure 4.4 An illustration of two examplesof partitioninganM x N network into 16 blocks
(R«= Ry =4). a) Original data.b) Datapartitionedby chopping.c) Datapartitionedby folding.

4.2.2.1 ProcessingData with a Partitioned Network

Theproblemin processingheinputdatain blocksliesin achiezing globalinteraction
for thedata:in generaljn orderfor thewholeinput datato be ableto interactsimul-
taneouslyall dataunits needto belocally connectedo their neighboringcells. This
problemhasbeenidentifiedpreviously in, for example,digital CNN realizationg5].
In the analogrealizationsof Reference$6], [7], [8], a template-dependesblution
for connectingpixelsin differentblockswasused. Overlapwasaddedto the image
fractionssuchthat, after processing block, a certainoverlapregion wasdiscarded.
This worksfor templatedik e resistive filtering templateg[9] wherethe spatialinterac-
tion of pixelsdecaysasa function of their distanceand correcttemporalbehaior is
notimportant. In generalwhenfeedbackemplatedike holefiller [10], which need
globalinteractionareusedtheoverlapmethodis notsufficient. Whenthedatais pro-
cessedlockwise correctspatialandtemporalnteractionof datain differentblocksis
neededTheintegratortakescarethatdatais updatedsothatthe temporalinteraction
is correct.In thefollowing, realizationof the correctspatialinteractionbetweerdata
blocksis described.

4.2.2.2 Couplings BetweenChoppedData Blocks

Figure4.5demonstratethe partitioningof an8 x 4 datainto four 2 x 4 blocksusing
Equation4.11with Ry = 4 andR¢x = 1. The dashedarrows in the figure illustrate
thevirtual connectiondetweendatablocks. For example,whenprocessindlock 2,
statex 31 is availableat the top boundaryof statexi 3 » andstatexy 33 is broughtto
the bottomboundaryof statex, 3. Therefore,intra-cell transferof datain different
blockshasto berealized.
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block 1
X111 — X121 — X131~ X141
Xo11 — Xa21 — X231~ X241
7 7 7 7

block 2 } 4 Vs Vd
/X1,1,2/X1,2,2/X1,3,2/Xl,4,2
/X2,1,2/X2,2,2/7(2,3,2/X2,4,2

7 14 14 7

block 3 4 4 4 4
X113~ X123~ X133 X143
%13 Xo23 — X233 — X243
T

block 4 ) } } }

114 124~ X134~ X144
Xo14 — X224 — X234~ X244

Figure 4.5 An 8 x 4 datapartitionedinto four 2 x 4 blocksusingEquation4.11. The dashed
arrowvs describeconnectiondbetweerdatablocks.

Figure 4.6 shavs a combinationof a top row edgecell C(1, jj) anda bottom
row edgecell C(M/Ry, j j) whendatais partitionedusingEquation4.11with Ry = 1.
Therefore,the partitionednetwork hasM /R, x N cells. Simplified cells are shavn
in the figure; the ADC andDAC, for example,are not shovn. The elementsof the
templaten useareAy |, k= [1,3]; | =[1,3]. Thestateof cellsaredescribedy Xi j; k-
Whenprocessinglock kk, the top row edgecells provide the bottomrow edgecells
with Xii ;i fy (k- Similarly, the bottomrow edgecells provide the top row edgecells
with X; jij fs(kk)- Thesentra-block/cellcouplingsarerealizedoy wiring. If M/R, > 2,
the wires have to go eitherthroughor aroundcellsC(ii, jj), it = [2,M/Ry—1]; jj =
[1,N]. Thetop andbottomrow mappingfunctionsare

i (kK) = kk+ 1 (4.13)

and
fs(kk) = kk — 1. (4.14)

Theborderconditionof the bottomrow edgecellsis thereforestoredto xy, jj r,+1 and
the borderconditionof the top row edgecellsis storedto Xy/r,, j o0-

If bothR, andRy arelargerthanone,intra-blockconnectiondecomemorediffi-
culttorealize.Cellsthatarein thecornerof theactive cell grid (8-connectedetwork)
have to be providedwith the boundaryinformationof threeotherblocks. Figure4.7a)
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Figure 4.6 A combinationof a top row edgecell anda bottomrow edgecell for processing
vertically choppediata.
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Figure 4.7 Partitioning of an 8 x 8 datainput datainto blocks4.11usingEquation4.11with
Rx = Ry = 2. a) Original 8 x 8 data.b) partitioneddata. The dashedarrons shov thatduring
processingf block 2, the cornercells needboundaryinformationfrom threeotherblocks.

shawvs an 8 x 8 data. The difficulty of connectionsdetweenthe blocksis illustrated
in Figure4.7b). In Figure4.7b)theinput datais partitionedto blocksusingEquation
4.11with Ry = Ry = 2. Thecornercellsneedooundaryinformationfrom threediffer-

entblocks. For example duringtheprocessingf block 2, thestatexs 1 » of thebottom
left cornercell needsto be providedwith Xs 41 , X1,4,3 andxy1 4. Processinglatathat
hasbeenpartitionedhorizontally and vertically was proposedn a digital CNN [5].

Edgecellson differentsidesof the network wereconnectedvith a busanddatain all

blockswasupdatedsimultaneouslyThis could alsobe donein a mixed-modeCNN,
but heredivisionin onedirectionis assumeduficient.

4.2.2.3 Couplings BetweenFolded Data Blocks

Figure 4.8 demonstratehe partitioning of an 8 x 4 datausing Equation4.12 with
Ry =4 andR, = 1. Again, the datais divided into four 2 x 4 blocks; the dashed
arrows in the figure illustrate the virtual connectiondbetweendatablocks. Because
the datawaspartitionedby folding, no intra-cellconnectionsareneeded.

Figure4.9 shavs a combinationof a top row edgecell C(1, j) anda bottomrow
edgecell C(M/Ry, j) whenanM x N datais partitionedinto Ry blocksusingEquation
4.12with Ry = 1. Again, the cells shovn in the figure are simplified, with the ADC
andDAC, for example,notbeingshavn. Thetemplateis composeadf A, k= [1,3];
| = [1,3] andthe statesof the cellsaredescribedy x; jj k. Whenprocessingolded
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Figure 4.8 An 8 x 4 datapartitionedinto four 2 x 4 blocksusingEquation4.12. The dashed
arrons describeconnectiondetweerblocks.

data,oddandevendatablockshave to bedistinguishedFigure4.9a)shovs edgecells
duringthe processingf a datablock kk whenkk is odd. The top row edgecellshave
accesso Xy jjkk andxy jj tgkk)- Similarly, the bottomrow edgecells have accesgo
XM/Ry, ] kk andxM/Ry,jj’fN(kk). Figure4.9b)showvs the edgecellsduringthe processing
of a datablock kk whenkk is even. In this case,the mappingfunction of Equation
4.14is usedin the bottomedgecell, while the mappingof Equation4.13is usedin
top row edgecells. Furthermorethe templateis flipped vertically. If R, is even,the
boundaryconditionof thetop of the datais storedto xy jj 0 andthe bottomboundary
conditionis storedto xy jj r+1- If Ry is odd, the bottomboundaryconditionis stored
to Xw/R,,jj,R+1- Thereforeonly inter-cell datatransfersarenecessaryor corveying
boundaryinformation.

Again, if bothR, andRy arelargerthanone,andthe datais partitionedby folding,
the cornercells have to be providedwith borderinformationof threeotherblocks. In
additionto this, the mappingis muchmore complicatedthanin the 1D folding and,
sincethe datain the blockshasfour possibleorientationsthe templatealsohasto be
flippedto four differentorientationsduring processing.

4.2.3 Characteristics of a Partitioned Network

In orderto decidethe numberof blocks Ry, the effect of processingn blocks has
to be evaluatedin termsof differentmetrics. In the following, performancemetrics
for processingspeeddie areaand power consumptionare shavn. The metricsare
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Figure 4.9 A combinationof a top row edgecell anda bottomrow edgecell for processing
vertically folded data.a) processin@f odd datablocks.b) processingf evendatablocks.
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givenasfunctionsof R,. Themetricsarenotintendedo provide accuratequantitatve
resultsbut to reveal qualitative trendsasa function of the numberof blocks.

4.2.3.1 Computing Speed

Theprocessindime of anM x N datawith a mixed-modeCNN in whichthe number
of cellsis downscaledo M x N/R, canbeapproximatedy

Ti(Ro) =s-nri[Ro(ts+t +tsar) + ki - ]

, (4.15)
+twd + trg + it

wheres andnri arethe numberof stepsin the integrationmethodof choiceandthe
numberof iterations,respectiely. If Heun’s method,for example,is usedfor inte-

gration,sis two. Also, ts is the ADC samplingtime, t; is the time consumedy the
digital in-cell logic andtsg; is the settlingtime of the analogpartsof the cell. These
delaysoccurduringprocessingf every block andthereforehey aremultiplied by Rs.

Additionally, t; is thetime it takesto changeheorientationof atemplateandk; is the
numberof change®f templateorientationduring oneiterationcycle. Finally, global
write time ty,g, globalreadtime t,q andtemplateloadtimet;; areaddedto theresult.
If the orientationof thetemplateis changedylobally, t; andt; areequal.

4.2.3.2 Die Areaand Power Consumption

Thereductionin die arearesultingfrom patrtitioningthe network canbe elucidatedoy
theratio of the areaof the partitionednetwork andthe areaof the full-size network.
Thisratiois approximatedy

Ra(Ry) = (Ao/Ro+ Am)M -N _ Ao/Ro+Am
(Ao+Am)M-N Ao+ Am

where A, is the areaoccupiedby the statememoryof a cell in a full-size network
and A, is the areaof othercircuit blocksin a cell. Equation4.16is derived on the
assumptiorthatthe total amountof memoryon chip doesnot decreas@asa function
of partitioning.As Ry increasestheareaoccupiedoy othercircuit blocksA, becomes
lesssignificant.

Theinstantaneoupower consumptior(power consumptiorduring processingpf
acell asafunctionof R, canbeapproximatedy

(4.16)

Pc,inst(Rb) = Palg + Poonv+ PIogic + Prem Rb; (4-17)

wherePy g andPeon, arethe pawersconsumedn the analogcomponentandthe data



4.2 ProcessingData in Blocks 55

corvertersof a cell, respectrely. Pqgic is the power consumptiorof the cell digital
logic andPremis thepowerconsumptiorof thememaoryof acellin afull-size network.
The amountof statememoryin a cell increasessa function of partitioning. Hereit
is assumedhat the pawer consumptionof the memoryPyem increasesn the same
proportion.Therefore Pnemis multiplied by Ry,

The reductionof instantaneoupower consumptiorat network level canbe esti-
matedby theratio of theinstantaneoupower consumption®f a partitionednetwork
anda full-size network accordingto

Pc,inst(Rb)/Rb

Rping(Ro) = “Poma(l)

Eventhoughtheratio of theinstantaneoupower consumptionss reducedasa func-
tion of Ry, theaveragepower consumptiorduringprocessing certainamountof data
is much more stable. Sincea partitionednetwork computesslower than a full-size
network, the full-size network canbe turnedoff for time T; (Ry) — T¢(1) to do the
sametask. Thereforetheratio of theaveragepower consumptionganbeobtainedby
scalingtheinstantaneoupower consumption®y the correspondingrocessingimes.

(4.18)

4.2.3.3 Choiceof the Number of Blocks

It is evidentthatpartitioningthe network tradesnstantaneoupower consumptiorand
die areafor computingspeed.In the following, the choiceof the numberof blocks
R, is examinedby way of example. The example mixed-modeCNN (built with a
0.25um CMOS process)is ableto processa 72 x 72 datawith first-, second-and
third-orderpolynomialtemplates.Figure 4.10 shavs Tt (Ry) /T (1) asa function of
Ry with differentnumbersof iterationsnri. Whennri is small, the effect of R, on
the computingspeedis small, sinceglobal I/O andtemplateloading dominateshe
computingtime. Whennri is large, the I/O andtemplateloadingarelesssignificant.
The curvesin Figure4.10aresketchedwith valuesof Table4.1. The samplingtime,
time of logic operationsand analogsettlingtime are taken from measurementef
Chapters. It is assumedhatthe settlingof the weightvoltagestakes5us Moreover,
thegloball/O timesaredeterminedassuminghatonecell statecanbereador written
in 100nsandthesizeof thedatais 72 x 72.

Figure4.11shows Ra(Ry) andRpjng(Ry) asafunctionof Ry. The Ry(Ry) curve
canbe interpretedso that large savings in the network areaasa function of R, are
obtaineduntil the curve saturate$o Am/ (A + Am). Similarly, Reing (Ry) Saturateso
PmenyRping(1). However, sincePmem of a digital memoryis small, the power con-
sumptionscalesdown very well. Table4.2 shavs thevaluesthatwereusedin Equa-
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Figure4.10 T (Ry)/T¢(1) asafunctionor Ry, with differentnumbersof iterationsnri.

| symbol | description | value ]

S # of stepsin theintegrationmethod 2

nri # of iterations 1,10,25,50
ts samplingtime 140ns

t time of logic operations 710ns

tsat analogsettlingtime 200ns

tt changeof templateorientation -

ke numberof orientationchanges 0

duringaniterationround

tt templatdoadtime 5us

twd globalwrite time 520us

trd globalreadtime 520us

Table4.1 Explanatiorof symbolsin Equatiord.15andvaluesusedto producecurvesof Figure

4.10.
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Figure4.11 Ry(Ry) andRpijng (Ry) asafunctionof R,

| symbol | description | value |
Anm theareaoccupiedby the statememoryof acell |  560un?
in afull-size network
Ao areaof othercircuit blocksof acell 2200Qun?
Pag+ | powerconsumptiorof analogpartsof acell 1.3mwW
Pe.onvt | powerconsumptiorof datacorvertersof a cell
Rogic | powerconsumptiorof digital logic of acell
Pmem | powerconsumptiorof digital memoryof a 1.99W
cellin afull-size network

Table 4.2 Explanationof symbolsin Equations4.16 and4.17 and valuesthat were usedto
producecurvesof Figure4.11.

tions 4.17 and 4.18to producethe curvesof Figure4.11. The power consumption
figuresarebasedon the measurementseportedin Chapter5, while the areafigures
arecharacteristicef themeasuredhip.
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Chapter 5

Mixed-Mode Cellular Array
ProcessorRealization

In this chapter a mixed-modecellular array processorrealizationis depicted. The
realizationis targetedto meetthe requirement®f the epilepsypredictionapplication
describedn Chapter3. The chip implementatioris basedon the mixed-modeCNN
architecturedepictedn Chapterd. The objectivesof this chapterarethefollowing:

1. Demonstratehe realizability/performancef the mixed-modeCNN architec-
turewith a proof-of-concepthip targetedtowardsthe epilepsyapplication.

2. Shov measuredatathatcanbeusedo assestheeffectof processingariations
to theaccurag and,furthermoreto theapplicability of the design.

This chapteris organizedso that Section5.1 provides somegeneralcharacteristics
of the realization,depictsthe processomrray and supportinghardware and shovs
connectiondetweerPUs' anddetailsof theintegrator Section5.2 describeslesign
of the analogarithmeticcircuits and Section5.3 shows the datacorverters. Design
of peripheraldevicesandlayoutareovervievedin Section5.4.2,while experimental
resultsof the implementedparallel processomre presentedn Section5.5, together
with a discussiorof someof theimportantpoints.

Linsteadof using“cell”, in this chaptera processinginit is denotecby “PU".
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5.1 Systemand Integrator Implementation

Theimplementedtellulararrayprocessorealizeghefunctionalitiesof amixed-mode
CNN. Easeof testabilitywasanimportantguidelinein thedesignof thechip. In order
to relax the speedrequirement®f the evaluationsetup,all memorieson chip were
implementedas SRAMs. The ADC and DAC resolutionsba and bp were chosen
to be seven and eight bits, respectiely. Therefore the stateof the PU X jj i (n) is
truncatecbetween128and127. Programmabl@-connectedfirst-neighborhoodin-
ear quadraticandcubicfeedbackemplatesareavailablesimultaneoushandHeun's
integrationmethodis used. The chip canprocess’2x 72 datawhile keepingall 1/0
operationdocal. The 72x 72 datais processeavith a2x72 network (R, = Ry = 36).
This choiceof R, scalesdown the die areaand reducegpower consumptiorsignifi-
cantly comparedo a full-size network. The factthatthe physicalnetwork hasonly
two rows is advantageouf therealizationof the PU (only edgecellsareused).This
is becausenly six differentweightsout of a 3x 3 templateneedto bebroughtinto an
edgecell. This canbe verifiedfrom Figures4.6 and4.9. The datais partitionedby
choppingmainly for two reasonsFirstly, whenprocessinghoppediata,themapping
functionis the samefor odd andevendatablocks. Secondly sincethereareno reg-
ular cellsin the network, corveying the borderinformationbetweentop andbottom
row edgecellsis easy Furthermorethe orientationof the templatesloesnot have to
be changedvhenprocessinghoppediata. Changingthe orientationof atemplateis
time consumingvhenanalogmultipliersareused.

5.1.1 ProcessorArray and Supporting Hardware

Theimplementednixed-modecellulararrayprocessois depictedn Figure5.1. Cou-
pling strength(weight)memoriesADC control signalgeneratordecodersanda pro-
cessorarray composeddf 2x 72 identicalcoupledprocessinginits (PUs)areshowvn.
An externalcontrolunitis usedo controlthechipvia acontrolbusandabi-directional
databus. Thecontrolinterfaceto thechipis completelydigital. Theweightmemories
aredigital (SRAMSs). TwentysevenD/A corvertersareincludedto producetheanalog
weightvoltageghatarefedto themultipliers. Theweightsaredigitally programmable
with eightbits. An asynchronousontrol signalgeneratois usedto producethe con-
trol signalsfor the ADCs in the PUs. The signalsare generatedgasynchronouslyn
chip sothatfastconversionspeedsanalsobe obtainedwith a slow externalcontrol
unit. Theactualcorversionspeedcanbe measuredrom outsidethe chip via testsig-
nals. With aid of the row and columnactivation signalsproducedby the decoders,
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Figure5.1 Processoarrayandsupportinghardvare.

eachprocessinginit canberandomlyaccessefbr I/O operations.

Odd rows of input dataarewritten to top row PUsand even rows of input data
to bottomrow PUs(partitioningby chopping). The memoriesin the 2x 72 PUshave
Ry=36layersin orderto storethe datablocksassuggesteéh Chapter4. Solid arrovs
betweenthe PUsin Figure 5.1 denotethe currentsthat are usedfor coupling. The
couplingsto theleft sideof theleftmostPUsandto theright sideof therightmostPUs
areconnectedsshavn in Figure5.18. EachPU is composeaf two parts:mainunit
C andborderunit B. Theborderinformationbetweertop andbottomrow edgecells
is exchangedassuggestedh Sectiond.2.2.2:the borderunit alongwith registercon-
nectionsrgi[7,0] andrgo[7,0] betweenthe main andborderunits of top andbottom
rows (dashedarrovsin Figure5.1) realizethevirtual spatialconnectionsTheregister
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connectiongransferdatafrom differentlayersof PU memoryto the borderunits. As

statedearlier, only six weightsout of each3x 3 corvolution maskhave to be brought
to a PU. Furthermore currentsto only five directionsare corveyed outsidethe PU,

sincethe self-feedbaclcurrentis usedwithin the PU. This facilitatestheinterconnec-
tion wiring. The PUsin the top and bottomrows areidentical, but the orientations
aredifferent(the top row PU is vertically flipped comparedo the bottomrow PU).

Theborderconditionis cyclic in the horizontaldirectionsothat (X ok = Xii, 72k and

Xii 73kk = Xii,Lkk)- In the vertical direction, the borderconditionis zero(xy,jj 37 =0

andxzjjo =0).

5.1.2 Structure of a Mixed-Mode ProcessingJnit

The PU works sothatinput currentsprovided by analogmultipliers of the neighbor
hoodPUsaresummedandA/D corverted. The digitized sumof currentsrepresents
the rateof changeof state(r; j(n) or M (n+ 1)) andis usedto digitally integratethe
stateof the PU usingthe integrator Digital integratoroutputsareD/A corvertedand
usedto producetheanaloglinear, quadraticandcubicactivationfunctionsthatcontrol
the multipliers.

Figure5.2 shows the contentsof a mixed-modePU drawn with bottomrow deno-
tations. Themainunit (denotedby C in Figure5.1)is composedf theintegratorand
blocksDAP1, MC18 andADC. Theborderunit (denotedby B in Figure5.1) consists
of blocksDAP2 andMB9. Also shown areregisterconnectionsgi[7,0] andrgo[7,0].
The DAP blockscorvert a digital input into analoglinear, quadraticor cubic activa-
tion functionswhich control the multipliers. The multiplier blocks MC18 and MB9
containl18 and9 analogmultipliers, respectiely, which areusedto realizecouplings
betweernthe processinginits. The arrows in the top partof the PU denotethe input
andoutputcurrents.For example, | cz3 equaIsA%)x+ Aé?x? + A%)x3 andis takento
aPUin NW direction. Theintegratorhastwo outputs:outputrg C (x[7,0]) controls
the D/A corverterin DAPL andrg B controlsintra PU busrgo[7,0]. Furthermorethe
multipliersin MC18 arecontrolledwith outputsof DAP1 andx[7]. Similarly, register
inputrgi[7,0] controlsthe borderunit (DAP2 andMB9).

5.1.3 Integrator Realization
5.1.3.1 Structur e of the Integrator

Figure5.3 shaws the structureof the integratorthatis usedin the cellular array pro-
cessor It realizesHeuns methodof integration. Thetiming diagramsof Figure5.3
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Figure5.2 A processinginit dravn with bottomrow denotations.

areusedin Section5.1.3.3. TheintegratorcontainsthreeSRAM memorie REG 1,
REG 2 and REGY), eachwith 36x8 bits of storagecapacity(36 layers),and one
8-bit register(REG CMB). In additionto the memoriesthe integratorcontainsa 9-
bit full adder switchesanda digital nonlinearblock. SinceFSR modelis used,the
digital nonlinearblock limits the statebetween128and127. Theintegrationsteph
equalsl/ka sincekp = 1 (seeEquation4.6). As indicatedin Equation4.5, the 7-bit
datathat comesfrom the ADC is multiplied by two beforeit is fed to the integrator
sincebp — ba = 1. Two’s complemenarithmeticis used.Consequentlythe datathat
comesfrom the ADC is in two’s complemenform. Decoderoutputsignalsac [kk],
kk € [1,36] determinewhich datablock is beingprocessedSignalswr 1, wr 2, wr y
andwr_cmb (active HI) arethe write signalsof registersREG 1, REG 2, REGY and
REG CMB, respectrely. Signalsrg2.ct, add.ct andout_ct control the switchesthat
selectthe input of REG 2, the input of the adderandthe outputof theintegrator, re-
spectvely. The switchesn thefigurearedrawn to their positionwhencontrolsignals
rg2.ct, add_ct andout ct areHl.
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5.1.3.2 Memory and Logic

Figure5.4 shaws the structureof SRAMs REG 1 andREGY which canbe accessed
simultaneouslyfrom two layers. SRAM REG 2 is like REG 1 and REGY but with
only oneoutput.Only onebit perlayeris shavnin thefigurefor thesale of simplicity.
Inputsignalsa[L]; L € [1,36], selectthe active layerof memory In thefigure,a[l] is
active andthereforethe contentsof rg 1 andrg.2 are written to outputsrg(L) and
rg(L+ 1), respectrely. Whena[36] is active, outputrg(L + 1) is connectedo ground,
which is the real bordercondition. In atop row PU a[1,36] = ad[1,36], datablock
kk is written to layer L = kk andoutputrg(L + 1) containsthe dataof block kk + 1.
Thebottomrow PU (andtheintegratorwith it) is flippedverticallyin contrasto atop
row PU, but theactivationsignalsarekeptin thesameorder(act[1] beingthehighest).
Therefore a[1,36] = act[36,1] anddatablock kk is written to layerL = 36 — kk+ 1.
Consequentlyoutputrg(L + 1) containsdataof block kk — 1. This mappingis as
desiredin Section4.2.2.2. A pre-chaging logic is usedto setthe voltagesat rg(L)
andrg(L + 1) to midpoint beforereading. The pre-chaging logic is not shown in
Figure 5.4. The operatingvoltageof the integratorandthe memoriesis 2.5V. The
switchesin Figures5.3 and 5.4 are realizedwith one transistorpass-gateshat are
controlledby 3V control signals. The 2.5V outputsrg B andrg C are scaledto 3V
beforethey arefed to the DACs. The nonlinearblock is a conditionalpass-gate If
the magnitudeof theinput to the nonlinearblock is largerthanallowed, an outputof
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maximummagnitudeis passedhrough. Otherwise,the input datais passedo the
outputof the nonlinearblock.

Thefull adderthatwasusedin the chip realizationis shavn in Figure5.5. Input
signalsA, B andC (carry)areaddedwhichyields outputbits BIT OUT andCOUT
(carry). Thefull adderis realizedasa pseudoNMOS gate[1], sincetransistoraM7
and M12 are usedfor pull-up all the time. The bias voltage PU BIAS is selected
so that the pull-up current(and the static power consumption)is small. This full
addercanbe fitted into a small area,it requiresno clocking andthe logic levels are
almostfull. However, it consumestaticpower. In orderto eliminatethe staticpower
consumptionthis gatecaneasilybeturnedinto alatcheddominologic gate[2]. This
is accomplishedoy addingkeepertransistors(shavn dashedin the figure) and by
replacingPU _BIASwith a clock signalandby increasingthe driving capabilitiesof
transistorgM7 andM12.

5.1.3.3 Processingf Data

The cellular array processoican procesdinear, quadraticand cubic feedbacktem-
platessimultaneouslyvith theaid of Heunsintegrationmethod.The processoworks
asdescribedn thefollowing procedure The proceduras carriedout sothatitems3-
5 arerepeatedor all datablocksbeforeenteringthe next item. The corresponding
timing diagramsareshawn in Figure5.3. The durationsof the control signalsin the
figurearenotdrawn to proportion.

1. Write initial statedatato registerREGY, settimeindex nto 1.

2. LoadthefeedbackemplatesA® , A andA®).
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3. UseregisterREGY to controlrg C andrg B (which controlthe DACs). Corvert
the resultof the analogcomputationto digital (rj j(n)) andstoreit to REG 2.
Thenaddthe contentsof REGY andREG 2 andstoretheresultto REG 1.

4. UseREG 1 to controlrg.C andrg B andperformanalogcomputing.Next, con-
vert the sumof currentsto digital (r{';(n+ 1)) andaddit to the contentsof
REG 2. Divide theresultby two andstoreit to REGCMB. Write contentsof
REGCMB to REG 2.

5. Add contentsof REG 2 andREGY, storetheresultto REG 1 andthencopy it
toREGY.

6. Incrementn by unity, returnto item 3 if n < nri; nri is thenumberof iterations.

7. Readtheresultof the processindrom registerREGY.

All input-outputoperationgiuringtheintegrationarelocal becaus¢he memoriesare
locatedin the PUs. In orderto performa temporallycorrectintegration, datain all
blocks always hasto correspondo the sameiteration step. This holdsfor Heun's
methodbecausavhen determiningthe predictedstatex; ; (n+ 1), REGY is usedto
control the DAC andresultsarewritten to REG 1. Similarly, when determiningthe
correctedstatex; j(n+ 1), REG 1 controlsthe DAC andtheresultis writtento REG 2.

5.1.4 Simulation of the Mixed-Mode System

Efforts areput towardsdevelopinga simulatorthatwould work in a mixed-modeen-
vironment[3], but currentlythereis muchto improve in the simulationtime, for ex-
ample.Thesystemevel simulationof themixed-modecellulararrayprocessowould
beverytime consumingf ananalogsimulationtool, suchasHSPICE would beused.
In thefollowing, the meanghatwereusedto simulatethe cellulararrayprocessoare
summarized.

First, the quantitatve performancef individual circuit blocks,suchasmultipliers
andlogic gateswassimulatedwith HSPICE.Then,the quantitatie simulationswere
extendedo combination®f circuit blocksto anextendthatwasreasonablé termsof
computingtime. A lot of effort wasdevotedto verify the correctinteractionbetween
groupsof circuits. After theoperationof aPUwasverifiedusingsimpletestsamodel
of the whole network wasprogrammedisingMATLAB. Then, network level simu-
lationswere performedusingthe MATLAB model. This simulationstratey worked
well in the simulationsof this thesis.
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5.2 Analog Arithmetic Circuits

This sectiondealswith designof the analogarithmeticcircuits of the cellular array
processarAn overview of theaspectshataffecttheaccuray of thecircuitsis given.
Thisis followedby descriptionf theanalogmultiplier andthecircuitsthatareused
to producethequadraticandcubicterms.Sincea digital integratoris used the signof
thestateof aPUis known atall times.Consequentlyanalogmultiplicationandanalog
guadraticandcubictermscanbeproducedjuitestraightforwardlyin onequadranand
four-quadranbperationis obtainedby digitally steeringthe currentinto a positive or
negative sumnode.Thereforethecompleity of analogcircuitsis reducedat the cost
of increasedligital hardware. Experimentakesultsof the analogarithmeticcircuits
areshavn in Section5.5.2.

5.2.1 Accuracy

The accurag of analogcircuitsrelatesdirectly to the accurag of the semiconductor
modelsthat are usedto describethe circuits. In additionto this, randomtemporal
fluctuations(noise)in the performanceof a circuit have an effect on the accuragy.
Furthermorerandomdifferencesn nominallyidenticaltransistoraffecttheaccurag.

The accurag of the analogcircuits anddatacorvertersaffectsthe digital rate of
changeof staterij j(n) (seeSection4.1) and, furthermore,the systemlevel perfor
manceof the network. Whenthe nonlinearity mismatchandnoiseof the circuit are
known, theerrorin rij j(n) canbestatisticallymodeled4] andusedto modelthe net-
work level performance The accuray of the analogcircuits anddatacornverterscan
be obseredfrom the measuremermesultsof Section5.5.2.

5.2.1.1 Effect of Transistor Models

Theaccuray of analogcircuit designis affectedby the modelsandmodelparameters
(obtainedfrom the processvendor)that are usedto describethe devices. The basic
characteristicof MOS transistorsin saturationandlinear regions canbe described
using simple equationsthat are well suitedfor hand calculations. However, when
using processesvith small gatelengths,several deviationsfrom the simple models
needto beconsideredn thedesignprocessin thefollowing, someimportantsecond-
ordereffectsarebriefly reviewed. A descriptionof theseeffectsis availablein [5], for
example.

e Thethresholdvoltageof atransistordecreaseasthe channelengthdecreases.
This is becausehe depletionregionsof the sourceanddrain extendunderthe
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gateandtake partin invertingthe channel. The larger the channellength, the
lesssignificantthis phenomenorandthelargerthethresholdvoltage.

e Thethresholdvoltageof atransistodecreaseasafunctionof thedrain-source
voltage. This is becausea large drain voltagedravs minority carriersto the
conductingchannelin a similar fashionasthe gatevoltage. This phenomenon
is denotedasdrain-inducedvarrierlowering (DIBL). Again, for large channel
lengthsthis effectis lesssignificant.

e Themobility of carriersin the channelof a MOS transistordegradesasa func-
tion of the electricfield thatis applied perpendiculato the channel(vertical
field). High verticalfields attractminority carriersinto a thin layer next to the
oxideandcollisionsreducethe speedof thecarriers.

e Themobility of carriersin the channelof a MOS transistordegradesasa func-
tion of the electricfield thatis appliedin the direction of the channel(lateral
field). The averagespeedof carriersin the channeis a productof the mobility
andthelateralelectricfield. However, the maximumaveragespeeds bounded
below speedsmallerthanabout10’cm/s. Therefore whenusingdeviceswith
shortgatelengths the mobility is degradedwith rathersmalldrain-sourcevolt-
ages.

¢ High lateralfieldstendto increasdhe speedf acarrier Evenif the maximum
averagespeedof carriersin the channelis bounded,individual electronscan
reachhigh speedsand,consequentlyobtainhigh kinetic enegies. Thesehigh
enegy (hot) electronscollide with silicon atomsand the collisions extricate
electron-holepairs(impactionization),which contributeto drainandsubstrate
currents.Someof the hot electronsmay acquireenoughenegy to go through
the oxide yielding a nonzerogatecurrent. The presencef hot carriershasan
impacton thelong-termreliability of the devices.

e The effective channellengthof a transistorreduceswith drain-sourcevoltage
sincethe pinch-off point movesfurtherinto the channel.The shorterthe chan-
nel, the moresignificantthe effect on the effective gatelength. Becausef the
short-channetffectthe, outputimpedanceof atransistorincreasesvith drain-
sourcevoltage.However, asdrain-sourcevoltageis furtherincreasedthe DIBL
andhot carriereffectstendto lower the outputimpedancef the device.

Theanalogeircuitsin this thesisweredesignedothatfirst thecircuitsweredescribed
usingsimple equationsn handanalysis. The impactof the second-ordeeffectson
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the behavior of the circuits wasconsideredjualitatively. Thenthe circuits weresim-

ulatedusing HSPICEwith level 50 parametergChapter5) or ELDO with level 59

parametergChapter6). Theseparameterallow an accuratecharacterizatiorof the

second-ordeeffectsof the transistorsalso. The circuitsin Sectionss.2.4and5.2.5
arebiasedto weakinversionregion. Therefore alsothe EKV modelthatcanmodel

thedrain currentof a transistorin weak,moderateandstronginversionregionsusing

one equationwas usedin the handanalysis. Despiteof careful processcharacteri-
zationandcircuit design,the real characteristic®f a circuit canonly be revealedby

measuringanimplementecthip.

5.2.1.2 Noiseand Interfer ence

Referencd6] shavedthatnoisedoesnotlimit theaccurag of ananalogCNN. How-
ever, if precautionsare not taken, this may not be the casein a mixed-modedesign.
This is becausegvenif the noiseof the analogdeviceswere negligible, noise (in-
terference)causedby the digital gatesmay be significant. In mary digital CMOS
processeq)-typetransistorsaarenotbuilt in awell. Also, alow resistvity substratés
requiredto preventlatch-up. Sincethe drainof anNMOS is coupledto the substrate
via thedrain-tulk capacitanceandthe substratés connectedo globalgroundvia an
inductor(bondingwire), switchingdigital gatesntroducenoiseto the substrateAlso,
high currentpeaksdrawn by standardligital gatesduring switchingfurtherintroduce
noiseto the analogground/substrateAdditionally, capacitve couplingbetweerfast
switchingdigital signallinesandanalogsignalsintroducenoiseif precautiongrenot
takenduringthelayoutphase Therearemethodgo reducesubstratenoise for exam-
ple,isolationwith guardrings[7]. Also, low noisecurrentmodelogic [8] canbeused
in thedigital gatesto reducethetransientcurrents.The goodthing in a mixed-mode
CNNiis that,duringanalogcomputationtheonly digital logic thatis allowedto switch
is in the A/D corverters.In thefollowing, it is assumedhatwith a carefuldesignof
thedigital partsin the A/D corvertersnoiseis notanaccurag-limiting factor In this
thesis layouttechniquesvereusedto reducetheinterferencgseeSection5.4.2).

5.2.1.3 Mismatch

Processingariationsintroducerandomvariationsto transistoparametersTherefore,
theeffectof device mismatchonaccurag is amajorissuewhenit comego sizingthe
devices. In this thesis,thresholdvoltageand currentfactormismatchare considered
andtheaccuracie®f theanalogcircuitsarederivedwithin the presencef thesenon-
idealities. Device mismatchdueto distanceof devicesis omitted. The variancesof
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thethresholdvoltageandcurrentfactormismatchesveredefinedin [9] as

0% (M) = VC%‘L = 20%(\t) (5.1)

and

(0(AB))2: A :2<o<s)>2 52)
B W-L B/’ '
whereAy; and Ag are process-dependenbnstants.a?(AV;) is the varianceof the
thresholdvoltagebetweertwo nominallyidenticaldevicesando?(\) is the variance
of thresholdvoltageof anindividual device. Thevariationsof thedevicesareassumed
normally distributedandindependentThe variancef the currentfactoraredefined
similarly.

Evenif the mismatchof the analogtransistordn this thesisis describedwith the
modelof Referencg9], it is usefulto acknavledgethatthe modelhassomeshortcom-
ingswhentransistorsof differentgeometriesandoperatingpointsaredescribed Re-
searchs ongoingin orderto improvethesimplemismatchmodelof Referencd9]. In
Referencg10], the effectof theaspectatio of thetransistorchannefor themismatch
wasinvestigatecdandReferencgl11] demonstrated mismatchmodelthatcanbe used
in all operatingregionsof atransistor The mismatchmodelsin Reference$9], [10]
and[11] usethresholdvoltageandcurrentfactormismatcheso characterizéhetran-
sistormismatch. Referencd12] proposeda mismatchmodelthatis basedon varia-
tionsof procesgparameterslt is saidthata procesgparametebasednismatchmodel
givesmoreaccurag in predictingthe matchingof devicesof differentgeometrieand
biasingconditions.

Oncethe mismatchof an individual transistoris known, the effect of transistor
mismatchto the circuit performanceneedgo be sought.Differentmethod<or identi-
fying whichtransistorsn acircuit areleasttolerantto mismatchhave beendeveloped.
Referencgl3], for example describesnalgorithmfor identifying mismatch-releant
transistorpairs. In Referencd14], the effect of a mismatchof individual transistors
to circuits, and, furthermore to systemsvasderived analytically In this thesis,the
analogcircuits arerathersimple andsingle-ended.Therefore,it is quite straightfor
ward to apply the methodof Referencg14]. Sincea currentmirror is extensiely
usedin the cellulararrayprocessarthe mismatchof a currentmirror is shawvn in the
following.

The differenceof drain-sourcecurrentsin a currentmirror with two nominally
identicaltransistorcanbederivedto [14]
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Now considerthe currentmirror shovn in Figure5.6. Assumethat input transistor
M.in is composedf Ui, identical (unit) transistorsn parallelandthatUqy parallel
unit transistorsareusedto constructhe outputtransistoM_out. In Figure5.6,0(lin)
ando(loy) arethe standarddeviationsof theinput andoutputcurrentsof the current
mirror. The mirror factor(gain) of the currentmirror is A = Ug /Uin. The standard
deviation of the currentthrougha unit transistoris simplifiedto

cy(ld.’s,unit) = 2lin- Ave -
VZW-L- (Vgs— W)

Equation5.5is simplified comparedo Equation5.4, underthe assumptiorthat the
effectof thecurrentfactormismatchs insignificantcomparedo thethresholdvoltage
mismatch. This assumptioris reasonabléf relatively small gateoverdrive voltages
areused.In thatcase the effect of thresholdvoltagemismatchis dominantcompared
to the effect of the currentfactor mismatch[14]. This assumptions utilized also
elsevherein this thesis. The standarddeviation of the outputcurrentof the current
mirror canbe determinedo

(5.5)

A

O'(lou) = U_m

1
(0(lasuni))” + A2 | (0(Iin)* + 5= (0(lasunt))?| . (5.6)
n
wherethe first term is due to the variancesof the parallel output transistors. The
secondandthird termsin Equationb.6correspondo thevariancef theinputcurrent
andtheinputtransistorsrespectiely.
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The mismatch-releang of individual transistorscan be reasonedrom the mis-
matchmodelsof the circuits. Mismatchparameterg\y: andAg werenot availablefor
the procesghat was used. However, suggestre quantitatve estimatesof mismatch
werecomputedor the circuits of Sections5.2.3,5.2.4and5.2.5. In the calculations,
themismatchparametergy; andAg wereestimatedo 6mVum and1.8%um, respec-
tively. Theseestimategrebasedn Referencef6] and[9]. Themismatchparameters
of p- andn-typetransistorsvereassumeatqual.

5.2.2 Choiceof Multiplier for a Mixed-Mode CNN
5.2.2.1 Commonly UsedMultipliers in Programmable CNNs

In CMOSrealizationof programmabl€CNNs, multiplierswith the multiplying tran-
sistoroperatingin thelinear region arecommonlyused. Evenif thelinearregion is
selecteda choicebetweenmary differenttypesof multipliers still exists[15]. The
20x 20 CNN [16] useda two-quadrandifferentialtransconductanamultiplier multi-
plexedto four-quadranbperation.Being capableof effectively suppressingecond-
ordernonlinearcomponentsthis multiplier provideshigh linearity at the costof low
signalto biasratio andlarge size. In mostcasessuchhigh linearity is not neededn
aCNN, soit is worth investigatingotheralternatives. A one-transistqtfour-quadrant
multiplier [17] was usedin, for example, circuits of Referenceg18] and[19]. It
highlightsa compactsize,rathergoodsignalto biasratio, sufficient linearity andan
inherentfour-quadranbperation.Thedownsidesarethatacurrentcorveyoris needed
in eachcell andthatresistize voltagedropsaffect the weightdistribution.

5.2.2.2 Multiplication in a Mixed-Mode CNN

In a mixed-modeCNN, analogcircuitsareusedto carrythe maincomputationabur-
den; theseare complementeavith digital circuits. The emphasids on usingsimple
analogcircuitsto make the designefforts leadingtowardslow operatingvoltageseas-
ier. Also, if the analogcircuits are simple, it may be possiblethat designscould
be re-usedin differentsilicon processesvithout major modificationsin the circuit
topologies.In additionto this, compactsizeandlow power consumptiorareobvious
requirementsWhenthe multiplicationschemas consideredor a mixed-modeCNN,
it isimportantto noticethatthesignof cell outputis known atall times.Consequently
aone-quadranmultiplier canbeusedandfour-quadranbperationcanbe obtainedoy
steeringheoutputcurrentof theone-quadrannultiplier to a positive or negative sum
node.This mayleadto a goodcompromisebetweencompactnessignalto biasratio
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andaccurag. A one-quadrantultiplier is alsoeasyto usewith one-quadrantir-
cuitsusedto producethe polynomialterms.A one-quadrardnalogtransconductance
multiplier waschoserfor the cellulararrayprocessorealization.lt is a single-ended
variantof themultiplier usedin [16].

5.2.3 Multiplier Structure

Figureb.7depictsafour-quadranmultiplier thatusesananalogone-quadrartranscon-
ductancemultiplier, currentsteeringswitchesanddigital logic. Theonequadranmul-
tiplier is composedf analogtransistordVR, M1 andM2. TransistorMR is usedto
corvert currentli, to voltage. TransistorM1 is biasedto the linear region andtran-
sistorM2 (in saturationsetsvoltageVgys 1 (drain-sourcevoltageof transistoM1) to a
valuethatcorrespondso thedesiredweight. BiasvoltageV; is usedto setthe channel
resistancef transistoMR to a desiredevel andbiasvoltageV, setsthe biascurrent
of transistorM1. Multiplier biasvoltagesV; andV; areglobally denotedasVRESX1
andVCMX1 (seeTableB.8). BecauseheweightvoltageV,, is connectedo the gate
of transistorM2, it doesnot draw ary current. However, biasvoltageV. is attached
to the sourceof transistorMR. Therefore,the driver of voltageV, hasto be strong
enoughwhile resistie dropsin thedistribution of voltageV, have to beminimizedin
thelayoutphase VoltagesVe, Vi andVy, arereferencedo VSS.

Four-quadrantoperationis obtainedusing transistorsM3-M6 that steercurrent
lq to oneof four scalingnodes. In thesescalingnodes,the currentis scaledby 1,
4, -1 or -4 using currentmirrors, and the scaledcurrentsare combined. The bias
currentcomponenbf thecombinedcurrentis removedby sampling(seeSection5.3).
The currentscalingcircuits 1X, 4X, —1X and—4X aresharedoy seseral multipliers.
SignalsS+, $A4+, S— and S4— control the currentsteeringtransistorsM3, M4, M5
andM6. Thedigital controllogic usesthe sign bit of input data(x[7] or rgi[7]), sign
bit of weightWsign andmsbof weightWsp asinputs. The contentsof controlblocks
CT1-CT4 areshown in Figure5.7 surroundedy a dottedline. Pull-dowvn transistor
MC is biasedto weakinversionso that a low static power dissipationis obtained.
Inputsa andb areconditionalpull-up signals.Laterin this section simulationresults
of the one-quadranmultiplier areshavn. The simulationswerecarriedout by using
HSPICElevel 50 parameter®f a standardd.25um digital CMOS processanda 3V
operatingvoltage.
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xX[7] or rgif7]
(sign)

Figure 5.7 One quadrantmultiplier, currentsteeringswitchesand control logic. The sizes
(W/L, in pm) of theanalogtransistorsarealsoshavn.

5.2.3.1 Input-Output Characteristics

Theone-quadranmultiplier of Figure5.7is composedaf anl/V corverterandavari-
ablegainV/I corverterin cascadeThetransfercurve of thel/V corverter(transistor
MR) is obtainedby notingthatVgs1 = Vusr+ Ve. SincetransistoMR is biasedo the
linearregion, voltageVys1 canbederivedto

Vgslzvr —Vt,R—\/(Vrc—Vt,R)Z— %7 (5-7)
Br

where Br = WCos\R/LR is the currentfactor of transistorMR andVic = V; — V.
The channelresistancef transistorMR, namelyRg, is definedasdVgys1/dlin. It can
be verified that 9Rr/dlin and 9°Rg/0l12 are positve. Therefore,Rg increasesasa
functionof li, sothatthe speedf increaseof Rg alsoincreasewvith li,. This canbe
obsenedfrom thedashedturvein Figure5.8thatshovs Vys1 asafunctionof current
lin.

As afirst-orderapproximationthe currentthroughtransistorsM1 andM2 is

VZ

la = Ba (Va1 —We1)Vets1 = B (5.8)
where
Vds,l =Vw— Vt,2 -V 2|d/[52- (5-9)

Therefore voltageVys 1 decreasewith currently . ThefactthatVys is a functionof
l4 causesionlinearitybecauseeductionin Vys 1 is equivalentto loweringtheweight.
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Whatfurtherdecreaseslqy/dVys1 with | is thatthemobility of electronsof transistor
M1 is reducedasafunctionof gatevoltagedueto theverticalelectricfield. However,
the nonlinearity of the I/V corverter counteractghis and somelinearizationtakes
place.Figure5.8shaowvs simulationsof 14 vs. lin with weightvoltagesv,, rangingfrom
0.55Vto 0.75Vwith incrementof 50mV.

TransistorM1 is in the linear region if Vgs1 > Vys1 +W,1. SinceVgys increases
with W, transistoiM1 is closerto saturatiorregion the largerthe weightandsmaller
theinput. Closeto saturationthe currentthroughtransistorM1 is a combinationof
characteristicef thelinearregion (Equation5.8) andsquardaw characteristicsThe
squarelaw term counteractghe effect of the term —/I4 in Equation5.9 and some
linearizationtakes place. This canbe seenfrom the top solid curve (corresponding
to largestweight, closestto saturation)n Figure5.8. First the curve bendsupwards
(effect of the squardaw term)and,whenli, = 1pA, the effect of the squardaw term
becomedesssignificantthanthe squareoottermof Equation5.9 andthe curve starts
to turn downwards. Evenif somelinearizationtakesplace,in someapplicationsthe
linearity of this multiplier maynotbe adequate.

Thesignalto biasratio of the simulatedone-quadramultiplier increasespprox-
imatively linearly with the weight, being 0.6 with V,, = 0.55V and 3.8 with weight
Vi = 0.75V. In orderto keepthe signalto biasratio aslarge aspossible the weight
rangeis extendedy scalingthe currentconditionallyup by four. If comparedo atwo
guadranmultiplier, theinput voltagerangeof the V/I corverteris effectively doubled
becausgheinputrangeis folded. Thatis becausenly half of thetotal input voltage
rangehasto fit into thelinearregion of theV/I corverter Also, whenafour-quadrant
multiplier is formedby multiplexing a one-quadrantnultiplier, the nonlinearitiesare
odd-symmetri@roundorigin.

5.2.3.2 Accuracy

Next, the accurag of the multiplier is determined The accuray of thel/V corverter
is assessebly usinga simplifiedexpressiorfor thevoltageovertransistoMR, namely

lin
VdsR= =———, 5.10
ISR BR(Vrc _Vt,R) ( )

whereVic = V; — V. Variationof Vgsr in two nominallyidenticaltransistordVR due
to mismatchis determinedo

0VasRr
PR

angR
AV

ans,R
alin

AVysg = ABr+ AVt R+ Aljn, (5.11)



5.2 Analog Arithmetic Cir cuits 77

F 950m
F 900m

I 850m

Id (AVPS)

Vgs, 1 (VOLTS)

F 800m
I 750m

F 700m

- 650m

0 2u 4u 6u 8u 10u
lin (AWS)

Figure 5.8 Multiplier transfercurvesandVgs vs. lin.

whichyields

(5.12)

A AV; Al;
Avds,szds,R< L LR —)

+—+
BR Vrc Vt R Iin
The standardleviation of voltageVysr is thus

-5 (Y (B ().

Thisis presenatthegateof transistoM1. Thereforetheaccurag of thel/V corverter
is optimized by using a large gate overdrive voltage. The differenceof currentlqy
betweertwo identicalmultipliersis describedy

dly dly dly
Al — 0B+ AV o+ AVysRr. 5.14
= 36, B1 Nast 2 Nosr dsR (5.14)

The thresholdvoltagemismatchof transistorM1 is not consideredecausét affects
thebiascurrentof the multiplier andis removedby sampling.Also, the currentfactor
mismatchof transistorM2 is omittedsinceVys» is small (B2 is large). The relative
standardieviation of currently canbe approximatedising

R )@ e
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wherethe first andthird termsare determinedusing Equation5.8 and by assuming
thatVys1 < Vgs1 —W,1. Thus,the relative standarddeviation of 1y is minimizedby
usinglargeweights.Also, the rangeof Vg1 shouldbe aslarge aspossible.However,
therangeof Vys1 is constrainedy linearity requirements.

Currently is mirroredonceor twice dependingon the sign of the multiplication.
Assumingthat Ui, is unity and that identical (unit) transistorsare usedin parallel,
accordingto Equation5.6, therelative standardleviationsof the outputcurrentof the
multiplier with scalingfactorsl, 4, -1 and-4 are

0’('0[{71) _ 1

o ==/ (0(10)° + 2(0(las)), (5.16)
out,1 out,1

0(|0Lt,4) _ 1
Iou,4 Iou,4

J16[(00)2+ (0l +40tiae)?,  (67)

Gﬁ'om—ﬂ:l L J(00a1))? +2(0(lasn))? (5.18)
out,—1 out,—1
and
Mot 2 (6100)+ 2000l (5.19
ou,—4 out,—4

respectiely. Termsa(lgsp) anda(lgsn) in Equationss.16- 5.19arethestandardie-
viationsof currentsin p- andn-typeunit transistorsn saturation Usingthe equations
provided,theaccurag of the multiplier canbe estimated.

Table5.1 shavs numericalestimateof relative standarddeviationsof the output
currentof the multiplier andvoltagesthatwereusedin the estimation.The standard
deviationswere determinedusingthe largestweightandthe maximuminput current
thatwere usedin the simulationof Figure5.8. The estimationsarebasedthe equa-
tionsabove andthevoltagelevelsareobtainedrom the simulationof Figure5.8. The
currentmirrorsin the sumblock of Figure5.13arecomposedf p- andn-typetran-
sistors,the sizes(W/L, in um) of which are 6/2.5and5/3. Using thesedimensions
andagateoverdrive voltageof 250mV, standardleviationso(lgsp) ando(lgsn) were
computedln Sectionb.5.2,therelative standardieviationattheoutputof a multiplier
wasmeasuredo 4.4%. The estimatedand measuredesultscannotbe comparedi-
rectly because¢he measurediguresalsoincludethe deviationsof the datacorverters.
However, they arein the sameorderof magnitude.
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| Voltageor Ratio | Value@ maximumli, |

Vic =V, R 1500mV
Vask 420mV
G(Alin)

Alin O
/) 1.8mV
Vds1 70mV
Vgs1—Ve1 510mV
allg) 3.62%
d
Sllusp) 0.88%
lgsp )
Sllaan) 0.88%
lgs N )
0('011,1) 3 82%
|0u.1 )
0('0[1,4) 3.75%
lou.4 )
0-(IOLI,fl) 4 02%
lout,—1 )
0('0Ll,—4) 3 95%
IOLl.—4 i

Table 5.1 Relatve standardieviationsof the outputcurrentof the multiplier andvoltagesthat
wereusedin theestimation.

5.2.4 Circuit for Producingthe Quadratic Term

Since one-quadrananalogoperationis requiredfrom the circuit for producingthe
guadraticterm, the biascurrentsarelow comparedo, for example,the two-quadrant
currentsquarerof [21]. In the following, the currentsquarerthat was usedin the
cellulararrayprocessors analyzedandsimulationresultsareshowvn.

5.2.4.1 Current Squarer

The quadraticcermwasrealizedusinga circuit shavn in Figure5.9. TransistoraMiR
(I/V corverter)andM1 (nonlinearV/I corverter)producethe squareof theinput cur-
rentandtransistorsM2 andM3 mirror the outputcurrentl,. to a multiplier. P-type
transistorMR is biasedto thelinearregion sothatV; — V¢ < W r. Thecurrentthrough
transistoMR is

2
Vsd, R

lin = BR + (Vcr +Vt,R)Vsd,R ) (5-20)
wherefr = ppCo,\Wk/LRr is thetransconductangearameteof transistoMR andVe, =
Vc — V. ThebiasvoltagesV; andV, arechosersothatVe + W r is muchlargerthan
Vsdr, SOthatthel/V corverteris approximatelyjinear. TransistoM1 is biasednto the
weakinversionregion usingbiasvoltagesv; andVs<. BiasvoltagesV,, V. andVs
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VDD
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V, o Tl
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Figure5.9 Thecircuitfor generatinghequadraticermof cell outputcurrent. Thesizes(W/L,
in um) of thetransistorarealsoshavn.

of the currentsquareiareglobally denotedasVRESX2,VCMX2 andV SS2. They are
referencedo V SS (bulk). The currentthrougha transistorcanbe accuratelynodeled
by the Enz-KrummenacheYittoz (EKV) transistormodel[22], but the EKV modelis

alsousefulin handcalculationsThatis becaus®neequationcanbe usedto describe
thecurrentof atransistolin weak,moderatendstronginversionregions. Thecurrent
throughtransistoM1 is

2
|M1=|s|:|n <1+exp [%])] , (5.21)
T

whereUr is thethermalvoltage,Vs1 = Wse, s is a specificcurrentproportionalto

slopefactorns andV; is the pinch-of voltageproportionalto Vy = Vsg. The slope
factoris

__Y
VVp+ 20’
whereyis thebodyeffectfactorand®g is thebulk Fermipotential.In theEKV model
all voltagesarereferencedo bulk.

ns=1+ (5.22)

Equation5.21 shovs thatasvoltageVy (andconsequentlyy) increasesthe cur-
rent characteristic®f transistorM1 shift continuouslyfrom the exponentialcurrent
growth of weakinversionto squardaw characteristicef stronginversion. The volt-
agerangeof Vg hasto becarefullyselectedn orderfor Iy to obtaincloseresemblance
to aquadraticcurrent. TransistoM1 is biasednto weakinversionsothatdly1 /dlin at
lin = 0 would beassmallaspossible while with I, > 0 thecurrentwould have aclose
resemblancéo anidealquadratiderm. BecausdransistomM1 is biasednto theweak
inversionregion, the operatingpoint currentis small. Comparisorof the HSPICE-
simulatedandidealquadratidermsof Figure5.10shawvs thatthe simulatedquadratic
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Figure5.10 Simulatedandidealquadraticandcubicterms.

termapproximategairly well to theidealquadratiderm. In the simulationsa 3V op-
eratingvoltageandlevel 50 parametersf a 0.25umdigital CMOS processvereused.
The voltagerangeof V1 wasfrom 600mVto 920mV (referencedo bulk) andVs2
was0.1V. Thenominalthresholdvoltageof a p-typetransistoiin the processs 0.55\V.
Themeasuredndideal quadratidermsareavailablein Figure5.23for comparison.

5.2.4.2 Accuracy

Next, the accurag of the currentsquareris determined. The standarddeviation of
Vsdr Of transistoMR is

It wasderivedusingEquation5.20by assuminghatVsqr < Ver + W r. Like Equation
5.13, Equation5.23alsois minimizedwith large gateoverdrive voltages. The stan-
darddeviation of currently1 of thecurrentsquarewasdeterminedsothatthecurrent
factormismatchof transistorM 1 wasdiscardedandthresholdvoltagemismatchwas
used. Thatis because/y 1 is smallandthe thresholdvoltagemismatchcannotbe re-
movedby samplingbecaus®f thenonlinearV/I characteristicsf transistoM1. The
squarelaw equationof the stronginversionregion wasusedin computingthe stan-
darddeviation of I1 sincethe transistoroperatesnostlyin this region. Therelative
standardieviation of the currentwith large valuesof I, canbeapproximatedy
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| Voltageor Ratio | Value@ maximumli, |

Vor + Vir 950mV
VsdR 320mV
G(AAI:;”) , currentsquarer 0
6 (VasR) 1.5mvV
Vgs1—Via 260mV
o 2.02%
"(%i"n”), multiplier Gfle)
0('011,4) 4 1%
|0u.4 )
0(|ou,74) 4 29%
|0u.—4 )

Table 5.2 Relatve standardleviationsof the outputcurrentof a currentsquareiandthe output
currentof amultiplier thatis controlledby a currentsquarerAlso shawvn arethevoltagesused
in computingthe estimate.

o(lm1) _ 2
Im1 B (VgS]_ — Vt,l) \/(O—(\/t’l))z + (O(VSd,R))27 (524)

whereVgs1 = Ve + Vsgr— VSL. Sincethe outputcurrentof transistorM1 is sensitve

to the gateoverdrive voltage,the swing of Vys1 shouldbe aslarge aspossible. The

standarddeviation at the outputcurrentof the currentsquarera(l,z) is obtainedby

addingthe contributionsof transistordM2 andM3 to o(Iv1). Whena currentsquarer
is usedto control a multiplier, the standarddeviation of the output currentof the

multiplier increasesTable5.2 shows the estimatedelative standarddeviation of the

currentsquarer It alsoshaowvs an estimateof the relative standarddeviation of the

output currentof a multiplier thatis controlledby a currentsquarer The voltages
usedin the estimatesrefrom the simulationshovn in Figure5.10. In Section5.5.2,

the measuredelative standardleviation of a multiplier thatis controlledby a current
squaremwasdeterminedo 7.3%. Evenif the measuredigure includesthe deviations
of the datacorverters,the estimateproducedanalytically is too optimistic. This is

probably becausdransistorM1 in the currentsquareris biasedto weak inversion
region andthe simplesquardaw modelof Equation5.24is notaccurateenough lt is

alsopossiblethatin the measuremenheinternalsignalrangesof the currentsquarer
werenotthe sameasin the simulations.

5.2.5 Circuit for Producingthe Cubic Term

Figure5.11 shaws the circuit usedfor producingthe cubic term of input currentl;y.
The circuit is otherwisesimilar to that usedfor the quadraticterm but in this case
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Figure5.11 Thecircuitfor generating cubictermof inputcurrentl;,. Thesizes(W/L, in pm)
of thetransistorarealsoshowvn.

theinputcurrentli, is corvertedto a voltagewith ann-typetransistorMR andVs 1 is
connectedo ground. Bias voltagesV; andV; of the circuit are globally denotedas
VRESX3 andVCMXa3. In Section5.2.3,it wasshowvn thatthe channelresistancef
n-typetransistoMR increasessa functionof |;,, sothatthe speeddf theincreasds
fasterthelargerVysr is. This providesextra boostto dlv1/dli, atlargeli, andhelps
theoutputcurrentgainresemblancéo theideal cubicterm. This canbe verifiedfrom
Figure5.10,which shavs the HSPICEsimulatedandideal cubicterms. Again, since
theoperatingpoint of transistoM1 is biasednto the edgeof the subthresholdegion,
the bias currentis very small. The voltagerangeof V1 extendedfrom 460mV to
780mV. Thenominalthresholdvoltageof ann-typetransistoris 0.56V. Theaccuray
of the circuit canbe definedasfor the circuit for producingthe quadraticterm. An
estimatewascomputedor the relative standarddeviation at the outputof the circuit
for producingthe cubictermandfor a multiplier thatwascontrolledby suchacircuit.
Table5.3 shaws the resultsandthe voltagesusedin the computation.The measured
relative standarddeviation of a multiplier thatis controlledby a circuit for producing
thecubictermis 7.4%. Thisis shavn Section5.5.2. As in caseof thecurrentsquarer
the computationakstimateof the accurayg givestoo optimisticfigures.

5.3 Data Converters

A/D andD/A corvertersare neededn this designto interface betweenthe analog
arithmeticcircuits and the digital integrator In additionto this, A/D corversionis
also utilized in subtractingthe bias currentfrom the input currentof a PU. There-
fore, the A/D corverterblock containstwo corverters,namelyADCq thatis devoted
to eliminatingthe bias currentsand ADCp to samplethe statederivative. Sincethe
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| Voltageor Ratio | Value@ maximumli, |

Vic— VR 1540mV
VdsR 320mVv
0(%:;”), cubiccircuit 0
o(VdsRr) 1.4mV
Vgs1— V.1 220mV
o 2.29%
"(%i"n”), multiplier Gfle)
0('011,4) 4 20%
|0u.4 i
0(|ou,74) 4 38%
|0u.—4 )

Table 5.3 Relatve standarddeviations of the outputcurrentof the circuit for producingthe
cubictermandtheoutputcurrentof amultiplier thatis controlledby sucha circuit. Also shavn
arethevoltagesusedin computingthe estimate.

integratoroperatesvith two’s complementnumbersthe outputof ADCp, is corverted
to two’s complementorm beforeit is fed to theintegratorandthe D/A corverterstake
two’s complemennumbersasinputs. In the mixed-modeCNN architecturethe A/D

andD/A corvertersareusedto determinantermediateprocessinyaluesalso,instead
of just the final processingesult. Therefore,a relatively high corversionspeedis

required. SinceA/D andD/A corvertersareincludedin every processingunit, they

must occupy a small die areaand have a low power consumption. A 7-bit binary
weightedcurrentD/A corverteris usedin this design.The eighthbit (signbit) of the
D/A corversionis realizedby the currentsteeringswitchesof the multipliers. The
A/D corverterusedhereis asuccessie approximatiorregister(SAR) ADC with 7-bit

resolution.

5.3.1 Choiceof A/D Converter for a Mixed-Mode CNN

An A/D corverterin amixed-modeCNN mustoccupy asmalldie areaandhave alow
power consumptionSimultaneouslyarelatively fastcorversionspeeds requiredbut
theaccuray requirements moderatgaround7-8bits). Thesamekind of performance
metricsarerequiredfrom corvertersin pixel-level A/D corverters.In [23], anareaef-
ficientsingleslopeADC wasusedin which aglobalanalogrampvoltageis compared
to sensooutput. Whenthecomparatoswitchesaglobalgraycodethatchangesvith
the analogrampis latchedinto the in-sensormemory In [23], the corversiontime
was20ps. A similartypeof corverteris multi-channebit-serialA/D corverter which
in [24] achieseda 10us corversiontime. Thedifferencefrom a mixed-modeCNN is
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that,in thesensompplicationthe corverteris notusedin the computatiorof interme-
diatevaluesbut justfor corvertingthefinal result. Therefore the speedequirements
arenotsostrict. Thecorversiontime usingapproachebk e [23] or [24] cannotbe sig-
nificantly reducedbecausehe determinatiorof onebit takesseveralclock cycles. A
fasterA/D corvertershouldbe usedin a mixed-modeCNN. In aflashA/D corverter
the whole corversionis performedduring one clock cycle. However, flash corvert-
ersoccupy too muchareaandthe power consumptioris too high, even at moderate
accuracies.

A goodcompromisebetweerspeedanddie areacanbe achievedwhena succes-
sive approximatiorregister(SAR) ADC or algorithmic(cyclic) ADC is used[25]. A
SAR-typeADC, for example,is capableof corvertingonebit duringoneclock cycle.
Thesetypesof corverterscanbebuilt eitherin currentor voltagemode.Currentmode
corvertersarethe preferredchoicefor a mixed-modeCNN: couplingsbetweenPUs
arerepresentedsingcurrentsthataresummedat the ADC input andlinearresistors
(for I/V corversion)aredifficult to build using a digital CMOS process.In Refer
ence[26], currentmodealgorithmiccorvertersareanalyzedandin Referencd27] a
currentmode,SAR-typecorverteris presentedThe operationof SAR andalgorith-
mic corvertersrely on the sameprinciples: the corversionis determinedbit by bit
startingfrom the mostsignificantbit (msh. In thecellulararrayprocessorealization,
a currentmodeSAR-typeADC wasusedbecausét providesa goodcombinationof
speeddie areaandaccurag.

Thecurrententeringthe A/D corvertermay containbiascurrentgoperatingooint
currents)or offset currents(due to device mismatch),which have to be eliminated
beforethe actualsum of currentscanbe corverted. Thesecan be eliminatedwith,
for example,currentsamplingtechniquesusinganalogcurrentmemories. The hold
time of the currentmemorysetsconstraintgo the speedof the control circuitry that
is usedto controlthe mixed-modeCNN. Herethe offset/quiescenturrentsareelimi-
natedby samplingwith anotherADC. Sincetheresultof the A/D corversionis stored
into astaticmemory thisis atime-independennethod.Thereforethe speedequire-
mentsof the control/evaluationsetuparerelaxed. It turnedout thatthis facilitatedthe
dehuggingandevaluationphasesignificantly

5.3.2 AsynchronousControl Signal Generator

The control signalsof the A/D corvertersare generatedasynchronouslyon chip.
Therefore fastcorversionspeedsreavailableevenif the control setupis slow. The
realizationof the asynchronougontrol signal generatolis depictedin Figure5.12.
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delay_1 delay_2 [delay_2]-----
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Figure5.12 Asynchronougontrolsignalgeneratar

Thedelayblock consistsof a current-staredinverter[28] (currentin pull-down path
is limited) anda regular inverterin cascade.The fall time of the current-staredin-
verteris controlledby an adjustableNMOS currentsource. Whensignalsanple is
turnedHl, signalct[6] turnsHI for a time determinedby block delay 1. Whenthe
signalhaspropagatedhroughthe delayblock, ct[6] turnsLO. Thenthe signalstarts
to propagatehroughblock delay 2. Thisdelayblockis includedin orderto guarantee
that the control signalsdo not overlap. After the delay control signalct[5] is acti-
vatedandthe signalgeneratiorproceedssimilarly for all subsequentontrol signals
ct[4,0]. Controlsignalct[Q] is alsodrivento a padandcanbe measuredutsidethe
chip. Thereforetheactualcorversiontime andpulseratio canbe measured.

5.3.3 Current Mode SAR A/D Converter Block

Figure5.13shows the contentsof the ADC block. It containstwo currentmode7-bit
SAR-typeA/D corverters(ADCq and ADCp). ADCq is composedf registerblock
reg Q andblock csQ thatcontainshinary weightedcurrentsources Similarly, ADCp
is composedf blocksreg D andcsD. Furthermorethe corverterssharethe asyn-
chronouslygeneratedontrolsignalsct[6, 0] andusethesamecurrentcomparatarThe
sumblockremovespartof the biascurrentusingcurrentsourceransistorsvi+, M4+,
M— andM4—. Theremainingcurrentsatnodesl *, 1=, 1** and14~ arescaledusing
currentmirrors with mirror factorsof +1, -1, +4 or -4, respectrely. The magnitudes
of Ve, Vear, Ve— andVey— aredeterminedn a dummy PU outsidethe processor
grid. ThedummyPU is shovn in Figure5.17 of Section5.4.2. The W/L ratios of
transistordM+, M4+, M— andM4— werechosernto be 87% of the width/lengthra-
tios of transistorgV1-M4 in Figure5.17. Only the biascurrentscorrespondingo the
guadratictermsare subtractedising thesecurrentsourcesbecausdhe bias currents
dueto linearandcubictermsaresignal(sign) dependent. Thamountof biascurrent
in theresultingcurrentl sy, is approximately

lgsum= éﬂi [[1a(AG) +19(A1| +0.23]15(AD) ] (5.25)
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Figure5.13 Block-level descriptionof the SAR type A/D cornverter

wherelq(Affl)), lg( (2|)) andlq(Affl)) arethe biascurrentcomponent®f |qsym dueto
linear, quadraticandcubic couplings.lqsumis thebiascurrentthatis left for ADCq to
remove.

Registerblock reg.Q in ADCq is composedf logic gatesandsevenSRAMs. The
logic AND gatesare usedto control the writing of the SRAMs using control signal
wr_Q andthe asynchronousontrol signalsct[6,0]. The outputsof reg Q aredefined
by alogic OR function of SRAM outputsandthe asynchronousontrol signals.The
conversionproceedsit by bit towardslsb ascontrol signalscorrespondindo lower
bits activate. OutputQ[6] of reg Q (the sign bit of the corversion)is usedto setthe
directionof theoutputcurrentof currentsourceblock cs Q. OutputsQ[5, 0] areusedto
controlthebinaryweightedcurrentsourcesADCp workssimilarly to ADCq. If out[6]
is HI, the outputsoLt[5, 0] areinvertedandappendedy unity beforethey aretaken
to theintegrator (corversionfrom sign and magnitudeto two’s complemennumber
representationHalf addersareusedto performthe additionby unity. The half adder
is constructedn a similar fashionto thatof thefull addershavnin Figure5.5. Figure
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Figure5.14 Currentcomparatar

5.14depictsthe currentcomparatarAs in Referencg29], transistorsM1 andM2 are
includedto reducethevoltageswingof theinputnodel in. Thisway, fasteroperation
is obtained.Dependingon which oneof signalswr D andwr Q is active, oneof the
signbits Q[6] or D[6] is usedto choosethe polarity of the comparatooutput.

The currentsourcef blockscsD andcsQ areasdepictedn Figure5.15(drawvn
with denotation®f csD). Outputcurrentsof binaryweightedcurrentsourcegtransis-
torsM1-M6) aresteereckitherto transistoM7 or to the output. This way the current
throughthe currentsourcesstaysmorestableduring corversion. The currentsources
arescaledso thatthe W/L ratios of transistordV1-M6 in csD aretwice aslarge as
thoseof csQ. Therefore scalingparameteka (in Equation4.6) of ADCp is twice as
largeasthatof ADCq. Becausef this, ADCq cancorvertsmallcurrentswith a better
resolutionthanADCp.

5.3.4 DI/A Converter

Figure 5.16 shaws the 7-bit binary weightedcurrentD/A corverterusedin this de-
sign. Theeighthbit (signbit) of theD/A corversionis realizedby the currentsteering
switchesof the multipliers shavn in Figure5.7. Sincethe digital integratoroperates
with two’s complementumbersthe D/A corverteris ableto usethemasinputs. The
binary weightedcurrentsourcesM1-M7 are controlledwith ci[6,0]. ci[6,0] equals
the digital cell output (x[6,0] or rgi[6,0]) if the sign bit 7] (x[7] or rgi[7]) is LO.
Otherwiseci[6,0] equalsthe inverteddigital cell output. The corversionfrom two'’s
complemento signandmagnituderepresentatiois completedsothata currentcor
respondingo Isb is addedto the D/A corverteroutputcurrent. This is performedby
controlling currentsourcetransistorM8 with the sign bit §7]. Analog addition of
unity is morecompactthanwhenhalf addersareused.Becausdinear, quadraticand
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Figure5.15 Thecurrentsourceblockin the ADC (dravn with denotation®f csD).

cubic couplingsareusedin this design,the corverterhasthreeequaloutputcurrents
Ix, louz andloys. Outputcurrently is taken directly to multipliers. Outputcurrents
lou2 andloys areforwardedto thecircuitsthatproducethe quadraticandcubicterms,
respectiely.

5.4 Peripheral Devicesand Layout Design

As Figure5.1shaws, thearrayof PUsis complementetly decodersdigital memories
for storageof weights,D/A corvertersfor corverting the digital weightsto analog
voltagesandan ADC controlsignalgeneratarAlso includedon chipis adummyPU.

The decoderavereincludedin orderto distinguishthe row, columnandthe layer of

a PU in arandomaccesdashion. Furthermore a decodemwas put into the chip to

controlthewriting of theweights. The27 D/A corvertersthatareusedto producethe

analogweightvoltageswerebuilt usingbinaryweightedcurrentsourcesThecurrent
wastransformedo voltageusinga similar one-transistol/V corverterthatwasused
in the multiplier. The control signalgeneratois depictedin Section5.3. Therestof

this sectionshavs the dummyPU thatwasincludedoutsidethe array of PUs. Also,

thelayoutarrangemendf PUsandthelayoutof onePU areshown.

5.4.1 Dummy ProcessingJnit

Figure5.17 depictsthe dummyPU thatwasplacedto the peripheryof the chip. The
purposeof the dummyPU is to provide the sumblock shovn in Section5.3.3with
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Figure5.16 CurrentmodeD/A corverter

voltagesvc., Veat, Vo— andVes—. It canalsobeusedto testtheanalogarithmeticcir-
cuitsandthe DAC. ThedummyPU containgegisterREG B thatis usedto controlthe
DAC andthe multipliers. The threeoutputcurrentsof the DAP block areturnedinto
voltageshy the I/V corvertersof the multipliers. The correspondingoltagesV x1,
V x2 andV x3 canbe measuredrom outsidethe chip. As canbereviewedfrom Fig-
ure 5.7, eachmultiplier hasfour outputcurrents.In the dummyPU, the four output
currentsof all 27 multipliers are addedtogetherand mirrored using transistoravi1-
M4. Thel™ outputcurrentcanbe measuredrom outsidethe chip via transistorM5,
the drain of whichis connectedo a pad. During processingyoltagesV x1 andV x3
areconnectedo groundandzerois written to REG B. This way, only the biascur
rentscorrespondingdo the quadraticterm are mirroredand, consequentlycontribute
to voltagesvc., Vear, Ve— andVes—. Thisis asrequiredin Section5.3.3.

5.4.2 Arrangement and Layout of PUs

A prototypechip asdescribedn Sectionss.1,5.2 and5.3 wasmanugcturedusinga
standards-metal,singlepoly digital 0.25um CMOS processThe chip contains2x 72
PUsarrangedn four rows of 2x 18 PUs. Figure5.18illustratesthearrangemenf the
PUsby shaving a 2x4 network arrangedn two rows of 2x 2 PUs. The orientations
of adjacentPUsaredifferent,for examplePU (1,1) is horizontallyflipped compared
to PU(2,1). Theleft andright edgesof the 2x4 network areconnectedecausehe
borderconditionis cyclic in thehorizontaldirection.
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Figure5.17 Dummyprocessinginit.

A microphotograplof the chip is shovn in AppendixA. Theaspectatio of the
implementedPU is relatively small sothata rectanguladie is obtained.Figure5.19
shavsthelayoutof onePU withouttheglobalwiring. Thewidth andlengthof thePU
are 131um and 320um, respectiely. Differentcircuit blocksare circumscribedand
identifiedin thefigure. EachPU has7092transistorsn anareaof 0.042mn? andthe
processorcoreof 144 processinginits occupiess.1mn?. The total transistorcount
is 1.027million andwith padstemplatememoriesandothersupportinghardwarethe
designoccupiesanareaof 10mn?. Thewholelayoutwasmanuallydrawn in orderto
minimizethearea.

In orderto reduceinterference guardrings were usedto isolatethe analogand
digital partsof thedesign.In additionto this, theanaloganddigital operatingvoltages
andgroundsweredistributedto the chip usingseparatavires. In orderto reducethe
inductancef thebondingwires,severalpinswereusedto bringtheoperatingvoltages
andgroundlevelsto the chip. Eight pinswereusedfor boththe 3V digital operating
voltageandthe digital 2.5V operatingvoltage, while seventeenpins were usedfor
digital ground. Eight pinswerealsousedfor the 3V analogoperatingvoltage,while
nine pinswereusedfor theanalogground.

5.5 Experimental Results

In this sectionmeasurementesultsof thechip areshavn. The chip useshreepower
supplies,3V in analogparts,2.5V in the digital integratorand3V in the logic of the
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Figure 5.18 lllustration of the arrangementf the PUsby shawing a 2x4 network arrangedn

two rows of 2x 2 PUs.
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Figure5.19 Layoutof a mixed-modeprocessinginit.
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A/D andD/A corverters. Thethree36x 8-sizedSRAMs within eachprocessingunit
canberandomlyaccessedbr I/O operations Also, the SRAMsin ADCq of eachPU
canberead.Thefunctionaltestingof thechipwascarriedoutby usingameasurement
boardthat was attachedo a PC. The power consumptionand speedmeasurements
werecompletedoy usinga patterngeneratofor controllingthe fastsignals.

5.5.1 MeasurementArrangement

AppendixB liststhedigital controlsignalsandbias/referenceoltageghatareneeded
to usethechip. The controlandl/O of the chipis completelydigital. Sinceall mem-
orieson chipareSRAMs, andthefastcontrolsignalsof the ADC areproducedasyn-
chronouslyon chip, functionalmeasurementsanbe carriedout usinga slow control
setup.AppendixC depictsthe measuremerttoardthatwasconstructedor the mea-
surementsA PCwasusedto controlthe chip viathemeasuremenioardandto shav
the measurementesults. This provided a flexible, easily programmablemeasure-
mentervironment. The speedand power measurementaere completedso thatthe
fastswitchingintegratorsignalsweregeneratedisinga patterngeneratar

5.5.2 Analog Parts and Data Converters

Figure 5.20 shovs measuredd/D outputcodesvs. D/A input codeswith different
weightscontrollingthe multiplier. The measuremenwascarriedout sothatA(le) was
alteredandall otherweightswere zero. First the bias currentwas eliminatedwith
ADCq andthenDAP1 wasusedto controlamultiplier within a PU. Theresultingcur-
rentwassampledvith ADCp. Thevoltageswingattheinput of theanalogmultiplier
was 0.28V, while the analogweightsin this examplerangedfrom 0.56to 0.68V. It
shouldbe notedthat the currentsenteringa processingunit are summedbeforethe
A/D corversion. Consequentlythe contribution of small weightsis alsosignificant.
Figure5.21shavs the signalto biasratio with 17 differentweights,namely0, £0.4,
+0.55,4+0.75,+1, +£1.6,+2.3, £3 and+4. In this measurementhe magnitudeof
the stateof the processingunit (D/A input) wasat maximum. The ratio canbe used
to assesthepower efficiengy. If no currentscalingwereperformedn themultipliers,
the pawer efficiency with smallweightswould beworse.

Thenext measuremenwascarriedoutto assessheaccurag of the A/D andD/A
convertersandthelinearity of the multiplier with differentweights.A DAC wasused
to controla multiplier andthe resultwasA/D corverted. The samewasrepeatedor
weights1.6,2.3,3 and4. For eachweight,the ADC referencecurrentwassetsothat
themaximumDAC input codecorrespondetb the maximumADC outputcode.The
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Figure5.20 Measured®/D outputcodesvs. D/A inputcodeswith differentweightscontrolling
themultiplier.
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Figure5.21 Measuredsignalto biasratio of the multiplier with weightsrangingfrom -4 to 4.
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Figure 5.22 Differenceof measuredd/D outputanddesiredA/D outputvs. D/A input codes
for weights1.6,2.3,3 and4.

aim wasto keepthe referencecurrentas large aspossiblein orderto maintainthe
corversionspeed.Thereforejn thismeasuremenADCp wasusedto removethebias
current,while ADCq wasusedto samplethe statederivative. Figure5.22 shows the
ADCq outputcodessubtractedy the desiredA/D outputcodevs. D/A input codes
for weights1.6, 2.3, 3 and4. This differsfrom standardNL becausein additionto

nonidealitiesof the A/D corverter the multiplier andD/A corverteraffectthe result.
Sincethe large weightsareformedby scaling,the nonlinearitiesof weights1 and4,

for example,arethesame.

Figure 5.23 shaws the quadraticand cubic couplingsmeasuredvith the largest
positive weight from a multiplier within a processingunit. The bias currentwas
eliminatedwith ADCq, while DAP1 was usedto generatethe quadraticand cubic
activation functions. The resultingcurrentwas sampledwith ADCp. First, the mul-
tiplier connectedo the quadraticself-feedbackerm was controlledwith the largest
positive weight (four), while the cubic term was controlledwith zeroweight. The
A/D-corvertedresultappearsasthe dashedcurve in the figure. The procedurewas
repeatedor the cubicterm (solid curve). Ideal quadratic(dash-dotcurve) andcubic
(dottedcurve) termsareincludedin thefigurefor comparison.

Datafor assessinghe accurag of the analogcouplingswasmeasuredo thatthe
D/A corvertersin all PUswere controlledwith maximummagnitude.Also, weight
Aglz) wasat maximummagnitudgfour) andall otherweightswerezero. Themultiplier
outputcurrentwasmeasuredwith the ADCs of the PUs)from all four quadrantand
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Figure 5.23 MeasuredA/D outputcodesvs. D/A input codeswith quadraticand cubic cou-
plings.

all processingunits of a chip. The samewas repeatedwith weightsAgzz) and A(zeé)
The ratio of standarddeviation and absolutevalue of meanfor linear couplingswas
4.4%,for squarecouplings7.3%andfor cubiccouplings7.4%. Thesefiguresinclude
the dataof 144 processingunits measuredrom the samechip. In all othercases,
the samplingtime in the measurementsf this sectionwas 3.3us, exceptthe INL
measuremenwith weight1.6 wasmeasuredvith asamplingtime of 5.9us.

5.5.3 Integrator

Theevolution of thestateof anindividual PU canbeeasilytracked. Thefollowing ex-

ampleis includedin orderto demonstratéhisfeature.Figure5.24shovstheevolution
of the stateof a PU whenr;; jj i(n) increasesvith n. The measuremenwascarried
outsothatthe statex; jj k(n) wasinitialized to 70 (the allowedrangeextendsfrom -

128t0 127). Thenatemplatewith positive cubicself-feedbackvasrunandintegration
wasperformed.The solid line representshe stateevolution whenHeun's methodof

integrationis usedandthe dashedine is measuredising Euler’s integrationmethod.
Theslopeof the solid curveincrease$astebecaus®f the prediction/correctiomprop-
erty of Heun's method.
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Figure 5.24 Measuredstateof a processingunit vs. iterationround. The solid curwe is inte-
gratedwith Heun’s methodandthe dashedturve with Euler’s method.

5.5.4 Processingf Data

Evenif thechipis designedo procession-topographicallarrangedata,in orderto
illustratetheoperationjt is meaningfuko shov measure@xamplesof dataprocessing
in which theresultscanbe visually verified. As Equation4.6 shows, the integration
steph canbealteredwith the aid of ka. Furthermoreka canbescaledwith the ADC
referenceurrent.In thismeasurementheintegrationstepwasscaledo 0.1 (ka = 10)
andthesamplingtime was700ns.Herea fastersamplingtime waspossiblethanwith
the measurementsf Section5.5.2 becausehe higher ADC referencecurrentalso
speedsiptheA/D corversion.A patterngeneratowasusedto produceheintegration
signals;the time of performingone completeiterationroundwith Heun'’s methodof
integrationwas166.41s Figure5.25 shows the 72x 72 datathat was obtainedafter
220iterationswith linearandcubic positive couplingto SE neighborwhentheinitial
datawas suchthat one pixel (5,67) was initialized to black (-128), pixel (55,60)to
white (127) andtherestof the pixelswereinitialized to gray (zero). The processing
exampleshovn in Figure 5.25 demonstrateshat couplingsbetweendifferent data
blocks(datais processeth blocksof 2x 72) andthe horizontalcyclic boundarywork.

Thenext processingexampledemonstratethe useof thequadraticandcubicacti-
vationfunctions.In thefollowing, thepreviousprocessingesultwasusedastheinitial
stateof thenext operation Pixels,(65,68)and(66,68)wereinitialized to white, pixels
(69,68)and(70,68)to blackandtherestto gray. Figure5.26a)presentsa 10x9 data
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Figure 5.25 Dataaftergrowving 220iterationsto SE direction.

shaving thesepixels. Figure5.26b)shaws the dataafter runningfive iterationswith
alinear negative couplingto W andE directionsanda cubic positive self-feedback.
Figure5.26¢)shows the dataafter runningfive iterationswith a negative cubic self-
feedbackanda weaklinear positive self-feedback This reduceshe contrast.Figure
5.26d)shows the dataafterfive iterationswith a positive quadraticself-feedbacland
aweakpositive self-feedbackThis makesthe white areaswhiter.

A problemwith theimplementeahipis thatthebiasvoltagesV RESX1,VRESX2
andVRESX3 of the multiplier andthe polynomialcircuits weredeliveredto the PUs

a) b) c) d)

Figure 5.26 Processin@f data: a) initial state,b) growving to W andE directions,c) contrast
reduction,d) whiteningof white pixels.
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a) b)
Figure5.27 Initial 72x 72 data.Measuredow pasdfiltereddata.

usingtoo narrov wires. Therefore,whentherearea lot of nonzerostatesof PUs,
the biasvoltagesdo not stayconstant.This resultsin the subtractiorof biascurrents
notworking properly The problemcanbe overcomeby scalingdown the DAC refer
encecurrentsandby increasingheresistancesf thel/V corverters.Theresistances
canbeincreasedy lowering gatevoltagesVRESX 1, VRESX2 andVRESX3 of the
transistorghatareusedfor I/V corversion.However, this slows down the speedand
degradeshe quality of the polynomialterms.

Figure5.27demonstratethe processingf a 72 x 72 datain which therearealot
of nonzerostates.lt wasmeasuredvith downscaledDAC referencecurrentsandthe
slow control setup. The processomwasinitialized with datashovn in Figure5.27a).
A low passfiltering templatewas programmedo the network. Five iterationswith
Heun's methodwere processed. The measuredow-passfiltered datais shavn in
Figure3b).

5.5.5 ProcessingSpeedand Power Consumption

The maximumprocessingspeedand power consumptionvere measuredy usinga
patterngeneratorfor controlling the fastswitchingintegratorsignals. As mentioned
above, the time of performingone completeiterationround with Heun's methodof
integrationwas166.41s The samplingspeedof ADCq andADCp was700ns. Prior
to corversionwith ADCq or ADCp, 100nswasallocatedfor analogcomputation Re-
memberingthatthe samplingof the biascurrentis performedbeforeevery sampling
of signalcurrentandthatHeun's integrationmethodis a two-stepprocessthe sam-
pling of both ADCq andADCp takes1600nsduringthe processingf onedatablock,
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togethercontributing 72.2%o0f the total time of aniterationround. The changingof
the layerstakes1020nsperdatablock which contributes22% of thetotal time of the
iterationround. Therestof the 166.4usgoesto digital integration. Two thingsmade
thespeedslowerthanexpected.Changinghelayertookalongtime becaus¢éooweak
driverswereusedin thedecodersAlso, the 700nssamplingspeedvasworsethanthe
simulated200ns;the degradationwas probablydueto too weakdriversof the A/D
control signalgeneratar It shouldbe notedthat herethe bias currentwas sampled
beforeeachsamplingof the signalcurrent.If ananalogcurrentmemorywereusedto
samplehebiascurrent thespeedvouldincrease Thecomputingspeedf thecellular
arrayprocessocanalsobedescribedisingmultiplicationandadditionoperationger
second XOPS)[30]. Sincethecomputingtime of oneHeun’s iterationfor a 72x72
datais 166.41s the peakcomputingspeeds 72-72-29-2-2/166.4us= 3.6G XOPS.
It was calculatedby assuminghatall 27 multipliers and both polynomialtermsare
used.

The power consumptionduring processingvas measuredy settingthe magni-
tudesof all weightsto unity andby initializing the 72x72 datarandomlyto have a
valuebetween128and127. Thenthe Heuns integrationalgorithmthatwasusedin
the previous processingexampleswas modified so that contentsof REG Y werenot
updated Otherwisethe integrationalgorithmremainedhe sameandthe biassettings
werethe sameasin the processingexamplesof Figures5.25and5.26. The power
consumptiorwas measuredvhile the integration algorithmwas running in a loop.
The measuredinaloganddigital power consumptionsvere 154.2mwWand 37.7mW
respectiely, yielding atotal power consumptiorof 191.9mW Thereforethe chip can
perform18.7GXOPS/W

5.5.6 Discussion

The proof of conceptcellular array processordescribedn this chaptergives some
insightinto the potentialcomputingcapabilitiesof this type of design.The chip was
designedo enhancehe easeof testing;all memorieson chip arestatic,for example.
Thefirst objective of this chapterwasto demonstratéhatthe computingcapabilities
requiredby the epilepsyapplication(seeChapter3) canbe realizedwith the mixed-
modeCNN architecture Evenif alot of optimizationscanbe performedto improve
thedesign themeasureahip shovedgoodperformance.

The secondobjective wasto give datafor assessinghe accurag andapplicabil-
ity of amixed-modeCNN, in otherwords,to indicatewhetherreliableresultscanbe
obtainedevenif analogprocessings used. The statisticaldataprovidedin Section
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5.5.2canbe usedfor this purpose.The accuracie®f thelinear, quadraticandcubic
couplingsweredescribedy shaving themeasuredtandardieviation over meanval-
ues.If moreaccurag is neededthe matchingof analogtransistorcanbeimproved
by scalingup their sizes.

The sizes(W/L, in um) of transistorsM1 andM2 in the multiplier of Figure5.7
are1.5/1.5and4/0.75,respectiely. Noting thattransistoraM1 andM2 occugy only
25% of the areaof the multipliers, accurag canbe improvedwithout a large penalty
in termsof thearea.Also, ascanbe obsenedfrom thefigures,the sizesof transistors
in Figures5.9 and5.11aswell asthe sizeof transistorMR1 in Figure 5.7 aresmall.
Sincethetotal areaof aPUis 0.042mn¥, thesetransistorscanalsobeincreasedvith-
out a large effect on the total area. However, in ary case the accurag is ultimately
limited by processingariationsandthis preventsthe useof thiskind of amixed-mode
architecturdfor applicationsrequiringhigh accurag. The analogtransistorsoccugy
roughly 17% of the total areaof a PU. Therefore the designscalesdown relatively
well with the process.

5.5.7 Summary of Characteristics

In this section,characteristicef theimplementeccellulararrayprocesso{CAP) are
summarized Also providedis the correspondingnformationof selectedarraycom-
puterrealizationsof otherresearchgroups. Sincethe CAP is the first implemented
CNN chip with polynomialfeedbackiemplatesa direct comparisorof the chipsis
not meaningful. However, Table 5.4 summarizesomecommoncharacteristicshat
canbeusedto assesshe CAP designwith respecto the stateof theart. Only realiza-
tions that can procesgyray-scaleénformation and have programmabléemplatesare
includedin thetable.

Thedigital emulatedCNN (CASTLE[31]) realizationholds24 PUson chip. Each
PU hasanarithmeticunit includinga digital multiplier. A sectionof datais storedon
chip,while themainmemoryis outsidethechip. Euler’sintegrationmethodis usedto
updateheFSRstatedata. Thethreeanalogrealizationsshown in Table5.4all employ
continuous-timenalogintegrationto updatethe cell stateanduseanalogmultipliers.
The APAP chip [16] is the only onethatrealizesthe CNN dynamicsaccordingto the
original CNN theory, while the ACE chipsrely on the FSRmodel. Thevirtual array
sizeshowvn in Table5.4 is usedto describehow large the datacan be for the array
to processt without having to rely on global I/O operations.The I/O of CASTLE,
ACE16kandCAP is digital, whereasAPAP and ACE4ktransmitandreceie datain
analogform. Theweightsarecorveyedin analogform to the APAP, whereagherest
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Design CASTLE| APAP ACE4k | ACE16k | CAP
[31] [16] [18] [19]
Technology 5M0.35| 2M 0.7 | 3M0.5 | 5M0.35 6M 0.25
Array Size 24 20x20 | 64x64 | 128x128 | 2x72
Virtual Array Size | N/A N/A N/A N/A 72x72
# of Transistors N/A N/A ~ 10° 3.75-10° | 1.027-1¢P
# of Transistorgper | N/A N/A 172 198 7092
PU
Array Areain mm? | N/A 24 51 91 6.1
Die Sizein mn? 100 N/A 87 130 10
PUs/mnt N/A 16.7 81 180 23.6
State Representa; digital analog | analog | analog digital
tion
StateDynamics FSR CNN FSR FSR FSR
IntegrationMethod | Euler CT ana-| CT ana-| CTanalog| Heun
log log
Number of Multi- | 1 10 20 12 27
pliers/PU
I/O digital analog | analog | digital digital
# of bits to repre-| 12 N/A N/A N/A 8
sentstate
weightprogramma-| digital analog | digital digital digital
bility
PolynomialOrder | 1 1 1 1 1,2and3
Available  Tem- | A,B|l AB,l ABl AB,l 3xA
plates
Paver consumption| N/A 150mw | 1.2wW 4w 192mw

Table 5.4 Summaryof characteristicef selectedarrayprocessors.

of the chipshave digitally programmablaveights.
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Chapter 6

Developmentof Futur e Array
Processors

Whenhardwareis selectedor a certainprocessingaskin acommercialproduct,the
manubcturerchooseghe bestpossiblealternatie. The underlyingcriteriathat the
decisionis basedon caninclude,for example,power consumptionspeedaccuray,
size,cost,yield andlong andshorttermreliability. Otheraspectsarere-usabilityin
differentdesignsandprocesseandthe programmabilityof the device. Evenif apar
ticular hardwarealternatie wereto yield the bestcombinationof qualitiesata certain
moment,the developmentof technologymight quickly changethe situation. What
males things even more complicatedis that combinationsof differenttechnologies
may yield the besttotal performance.Totally new technologieshave to be superior
to existing onesin orderto becomecommerciallyappealing.This is becausef, for
example, the risks associatedvith new technologiesandthe lack of circuit design-
ersthathave competencén the areaof the new technology Anyhow, if anemepgent
technologyhaslarge advantagesn termsof characteristicsuchascomputingspeed,
it mayactasan enablingtechnologyfor a whole new rangeof applications.Whenit
comesto arrayprocessorsanalogrealizationamayhave, for example,a speecadvan-
tageovertheir digital counterpartswhereagligital realizationsarelessrisky. Section
6.1 highlightssomeaspectsegardingthe choiceof hardwarefor future arrayproces-
sors. Section6.2 describeshow the cellular array processodescribedn Chapter5
couldbeimproved.
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6.1 Choiceof Hardwarefor Future Array Processors

Sofarcommerciabrrayprocessorbave mostlybeendigital realizationsfor example,
CeRAMSs have beenusedin graphicsacceleratocardsand CAMs in lookup tables.
Also, chipsthatcombinesensingandprocessindNSIPtype processor§l]) arecom-
mercially available. In additionto this, commercialanalog/mixed-moderealizations
arebeingpursued Commercializatiorof analogCNN chips,for example,is ongoing.
Sincethedevelopmenbf technologyduringthe next coupleof yearscanbe predicted
quitewell [2], sometrendsof building future arrayprocessorganalsobeformed.In

therestof this section,estimatesaregivenasto how technologicadevelopmentmay
affectthe choiceof hardwarein futurearrayprocessors.

6.1.1 Digital Array Processors

It is obviousthatdigital arrayprocessorsvill be appealingalsoastechnologydevel-
ops. This is becauseligital array processorganreadily utilize denseprocessesy
packingmoretransistorsnto the chip. Also, the reductionof parasiticcapacitances
allows fasterclock speedsThe downscalingof thresholdvoltagesandmaximumop-
eratingvoltagessomeavhat complicateghe design,but alsoenabledarge sasings of
power consumptiorfor competentlesignersFurthermoreastheinterconnectiorca-
pacity hasincreasedtheinterconnectiorhasbecomeeasier

Multiplication continuedo requirealot of computationa&ffort from digital hard-
ware. Therefore digital hardware may not be the optimal way to realizealgorithms
thatrequirea lot of multiplications. Oneway to overcomethis is to revise the algo-
rithm so that multiplicationsdo not needto be performed. One exampleof this is
videocodingstandardH.26L. Insteadof usingDCT, H.26L usesatransformin which
only multiplications/dvisionswith a power of two areallowed[3]. Thesecanbevery
corvenientlyrealizeddigitally by usingshiftsandadditions.

6.1.2 Analog and Mixed-Mode Array Processors

Thedevelopmenbf silicon processes governedby theneedf digital designsThis
is becausdigital circuits,microprocessorandmemoriesfor example,occupy alarge
die areaandaremanuficturedn large quantities.Analogdesignershatusethe latest
digital processeblave to live with whatis available.

Thebenefitof thediminishingminimumfeaturesizesfor building largeanalog/mixed-

modecomputationahrraysarenotasobviousasthe benefitsfor digital designs Ana-
log processingunits cannotbe significantly scaleddown with the minimum feature
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sizes. Thisis becausevenif the thresholdvoltagemismatchimprovesasprocesses
adwancg4], themismatctrelative to theoperatingvoltagestaysmorestable[5]. Also,
ashighlightedin [6], thecurrentfactormismatchdoesnotseento scaledown with the
processFurthermorethedecreasingperatingvoltagesmake theanalogdesignmore
challenging.However, the increasingnumberof metallayersis a significantbenefit
alsoin the designof analog/mixd-modearray computers.Also, dueto the scaling
down of contactsyias andminimum distancedetweendevices, the total areaof an
analogtransistorscalesdown.

Oneapproachs to choosenot to usethe latestsilicon processesThis approach
is suitablefor analogdesignsas[7], for example,shavs. Anotherapproactis to use
dedicatedor mixed-modedesigns. In this approachsimple analogcomponentare
usedto carrythe maincomputationaburdenandthesearecomplementedvith digital
circuits. Sincetheanalogpartsarecomposeaf simpleunits(for example,acombina-
tion of currentmirrors),re-useevenin differentprocessemaybepossiblewith minor
modifications. An importantobsenationis that the sizesof digital memoriesscale
down with the technology This makesit appealingto replaceat leastsomeanalog
memorieswith acombinatiorof an SRAM andan A/D/A corvertet

Whencommercialanalog/mixed-modearrayprocessorsreto bebuild, their per
formancein the intendedoperatingconditionshasto be verified; for example,some
temperatureompensationf bias/referenceoltagemay be necessaryn orderto ob-
tain correctoperationin thewholetemperatureange.In the epilepsyapplicationthat
wasdescribedn Chapter3, animplanteddevice is targeted. Therefore the tempera-
turerangeof theervironmentis limited to change®f humanbodytemperatureywhich
is limited to afew degrees.If anacceptablegield andreliability in differenterviron-
mentscanbe obtainedwith ananalog/mixed-modearrayprocessohardware,in some
commercialpplicationghedominanceof digital hardwarecouldbethreatened.

6.2 Improvementsin the Mixed-Mode Cellular Array
Processor

In this section,someimprovementghatcould be appliedto the cellulararrayproces-
sor realizationof Chapter5 are shovn. Sincethe transitionto processe®f smaller
minimum featuresizesis associatedavith the downscalingof operatingvoltagesit is
beneficialto designanalogcircuits usingsimplecircuit primitives. Section6.2.1de-
scribeshow binaryweightedcurrentsourcesouldbe usedasmultipliersin a cellular
array processar Section6.2.2 shavs an exampleof animproved polynomialcircuit
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for producingquadraticand cubic terms. The simulatedDC characteristicof the
improved polynomialcircuit follow theideal quadraticand cubictermsmoreclosely
thanthe characteristic®f the polynomialcircuits of Chapter5. In Section6.2.3, it
is assumedhat a fastcontrol setupis availableto control the chip. This opensnew
possibilitiesfor realizingthe processingunits. Section6.2.3shavs a combinationof
top andbottomrow PUsin which currentmemoriesare usedto corvey the border
information.

6.2.1 Multiplication with Binary Programmable Curr ent Sources
6.2.1.1 Description of Operation

Figure6.1shavsamultiplier composeaf binaryweightedcurrentsources Theinput
currentis first mirroredusingtransistoM_in to binaryweightedtransistorsvi1 — M6.
Control signalsB1 — B6 control the currents,the sum of which builds up the sum
currentlsym Dependingon the sign of the multiplication, this currentis condition-
ally mirrored using currentmirror transistorav’7 andM8. The useof this kind of
a multiplier hasnot beenfavoredin CNN implementationso far, mainly becauseét
requiresa lot of global digital control signalsto determinethe weight. However, in
a mixed-modeCNN, this may turn out to be the optimal multiplier becauséigh end
digital processebave six or more metallayersavailablefor routing. The cellularar
ray processarfor example,realizedwith a 6-metal0.25um CMOS processutilizes
the multiplier describedn Section5.2.3. Threeglobal signalsper multiplier (sign,
msh Vi) wereroutedto eachPU andmorecould have easilybeerfitted by decreasing
theaspectatio of the PU.

The binary weightedcurrentmultiplier hassomevery attractive qualities. Firstly,
theweightsareveryfastto programdigitally. Also, themultiplier doesnot needto be
biased.Consequentlyno autozeroing/samplingf the biascurrentis neededecause
the output currentat zero input currentis inherentlyzero. Furthermore sincethe
structureis simple,it performswell with low operatingvoltages.

6.2.1.2 Accuracy

The standarddeviation of the outputcurrentof the programmablanultiplier of Fig-
ure 6.1 canbe determinedusing Equation5.6. Assumethat input transistorM_in is
composedof U, identical (unit) transistorsin parallel, and transistorsM1-M6 are
composedof 2" — 1 unit transistorsin parallel, then the numberof unit transis-
tors connectedo the outputis Uy € [0,2" —1]. ny is the numberof magnitude
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VDD

VSs

Figure 6.1 Multiplier thatutilizesbinaryweightedcurrentsources.

bits of the weight (ny, is six in Figure 6.1). Therefore,the input currentis multi-
plied by gain A = Ugy /Uin. The standarddeviation at the outputof the multiplier is
0(lou) = o(lsum) for negative weights,while for positive weightsit is obtainedrom

o(low) = y/2(0(1us7,8)) + (0(1sur)- 6.1)

6.2.2 Impr oved Polynomial Cir cuits

Figure 6.2 shaws a circuit that canbe usedto produceeithera quadraticor a cubic

term. Theparallelcombinationof transistorgvi6 (in thelinearregion) andM7 (in sat-

uration)corvertscurrentlr = Ig1 + lin to voltageVy 1. Thecurrentshroughtransistors
M6 andM7 are

BeV2
Ims = Bs(Vr —Vi,6)Vg,1 — 29’1 (6.2)
and

7 = BT (Vs — Ve 7)2 6.3
MY—?( 01— W,7)%, (6.3)

respectrely, whichyield

V2
_ g1 Bz, ,2

Ir = (B7—Be) =~ +[Bs (Vi = Vi) =BV 7] Vg1 + 5 V17 (6.4)
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Figure 6.2 Improvedcircuit for generatinghe quadraticandcubicterms.

VoltagesV; andVy; arereferencedo VSS. If the currentfactorsare chosenso that
B7 =Bs, the I/V corverteris approximatelylinear This is the scalingthatis used
for producingthe quadraticterm. The slopeof thel/V corverteris Rg 7 = 0V 1/0Ir.
Whenfg > B7, theslopeof thel/V corverterincreasesvith Ir. Thiskind of scalingis
usedin orderto obtainl/V characteristicthatresemblehecubicterm. Thebenefitof
thisI/V corvertercomparedo theone-transistol/V corvertersshawvn in theprevious
sectionsarethatno currentdraving commonmodevoltageis neededandonly n-type
transistorareused.TransistordVi1 — M5 arebiasedo saturation.The outputcurrent

IOLI |S

lou = %[RGJ"R—Vt,l]Z—%lin—lBZ- (6.5)

Currentlg is chosersothatlyy atzeroli, is zero. Alternatively, the operatingpoint
currentcanbe subtractedy sampling.The slopeof Equation6.5, namely

Olou
0lr

shouldbezerowhenli, is zero(lg = Ig1) . This holdsif

= R6,7‘Bl[R6,7‘|R_Vt,1]_%a (6.6)

Ba
B
Simulationresultsof the quadraticand cubictermsareshawn in Figure6.3. The
simulationwascarriedout usingELDO with level 59 parametersf a0.184mCMOS
process.The operatingvoltagein the simulationswas1.8V. Bias currents(lgy) in the
simulationswverel.1puAfor thequadratidermandO.5uAfor thecubicterm. Compared
to thequadraticandcubictermsshawn in Figure5.10,thecurvesin Figure6.3follow

Re7-B1(Re7-1B1—MW,1) = (6.7)
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Figure 6.3 Simulatedandidealquadraticandcubictermsusingcircuit shavn in Figure6.2.

theidealquadraticandcubictermsmoreclosely

Thestandardleviation of theoutputvoltageVy ; of thel/V corverteris determined
using

an 1 an 1 an 1
Z A - -

P VR o7
wherethe currentfactor mismatchedave beenomitted. The partial derivatives of
Equation6.8 canbe obtainedby turning Equation6.4 into implicit form andby dif-

ferentiatingthe implicit function. The resultingstandarddeviation can be obtained
from

o(Var) = \/ (o(m))2+ (86_Vglm>2+ <B7(vg,1—vt,7)c(vt,7)>2, 69)
, : ,

m,R OmR OmR

AVg’l = A\/t,ﬁ + A\/tj, (68)

wheretransconductanogmr is definedasgmgr = 0lr/0Vg 1. Thevarianceof current
Ir is obtainedrom the sumof variance®f transistordM2 andM3. Thestandardievi-
ationsof the currentsof transistordM2-M5 canbe computedusingEquation5.4. Fur-
thermore the standarddeviation of the drain-sourcesurrentof transistoM1, namely
o(lgs1) canbe computedsimilarly to Equation5.24. The varianceat currentloy is
obtainedby appending/ariance®f the currentsof transistordM4 andM5 to 02(Id$1) .

Equation6.9shovsthatthe standardleviation of voltageVy 1 maycauseaccurag
problems. SincetransistorM1 is biasedusing currentlgs, the size of transistorM2
needgo belarge. It is alsoimportantthattransistordM6 andM7 aresizedsothetheir
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thresholdvoltagevariationsare small. TransistorM5 canbe madesmallsincelg; is
small. If the operatingpoint cannotbe definedaccuratelyenoughusingcurrentbias-
ing, transistoraM2, M6 andM7 canbe replacedwith, for example,anl/V corverter
suchasthatof Figure5.90r5.11.

6.2.3 Intra-Block Couplings Using Curr ent Memories

If afastcontrol environmentis available for chip measurementghe couplingsbe-
tweendatablockscanberealizedby utilizing currentmemories.This way, only one
D/A corverteris neededn aPU andthedigital memoriesn theintegratordo notneed
to beaccessiblérom two layerssimultaneouslyFigure6.4 shavs thetop andbottom
row PUs of column jj whena 72x 72 datais processedind the datais partitioned
using Equation4.11with R, = 36 andRy = 1. The PUsaresimplifiedin the figure
sothatthe A/D corwverteris notshavn andonly the digital memorywithin thedigital

integratoris shovn. Also, no polynomialcircuits are shawvn in the figure. Dataunit
(1,j,37) is the bottomrow borderconditionanddataunit (2, jj,0) is the top row

bordercondition. The switchesin thefigurearedrawn to their positionwhencontrol
signalct is HI (andcontrolsignalct is LO). Write signalsg, and, areusedto sam-
ple currentmemoriesc meni andc men®. Thelayerbeingprocesseds identifiedby
L € [0,36], while signalSis usedto identify the momentat which a sampleis taken
with the A/D corverter The controlsignalsasafunctionof time duringoneiteration
roundareshown in the bottomof Figure6.4. The processingproceedsothatfirst L

equalszeroandcontrol signalct is HI. Next, currentmemoriesc meni in both PUs
arewritten using@;. ThenL = 1, ct is turnedLO andmemoriesc men?2 in both PUs
arewrittenusing@, andthestatederivativeis sampledvith theaid of controlsignalS.

After that,L is consecutrely incrementedy unity andct is HI for evenL andLO for

oddL. Furthermoregc menti is written using@whenL is evenandc.men? is written
using @ whenL is odd. This way, the dataavailablefor the multipliersis whatis

requiredin Equationst.13and4.14.
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Chapter 7

Conclusions

In this thesis therealizationof anarrayprocessofor computingalgorithmsthatcan
be describedusing the theory of polynomial CNNs was described. The array pro-
cessomwasto meetthe needsof an algorithm for analyzingbrain electricalactivity
in epilepsyin orderto predictthe onsetof an epileptic seizure. The work towards
completionof this thesisproceededso that first the characteristicof the epilepsy
predictionalgorithmwere highlightedand potentialrealizationalternatveswere as-
sessed.A mixed-modeCNN that could be usedto realizea polynomial CNN was
introduced.The mixed-modeCNN storesdatarobustly in thedigital domainanduses
analogarithmeticcircuitsfor multiplicationandfor generatinghe polynomialterms.
In amixed-modeCNN, the polynomialtermscanberealizedusingone-quadrantir-
cuits, while four-quadraniperationcan be achieved by multiplexing. Furthermore,
this thesisdescribesiow amixed-modeCNN canberealizedsothatdatacaninteract
globally evenif partitioneddatais processed.

Baseddntherequirementsf theepilepsyalgorithmandthemixed-modearchitec-
ture,amixed-modecellulararrayprocessowasrealized.In therealizedarrayproces-
sor, the processinginitsarecoupledwith programmabl@olynomial(linear, quadratic
and cubic) first-neighborhoodeedbackterms. The processocombinesanalogand
digital processingso that the couplingsand the polynomial termsareimplemented
with analogblocks,whereagheintegratoris digital andA/D andD/A corvertersare
usedto interfacebetweerthem.A 10mn¥, 1.027million transistorcellulararraypro-
cessomwith 2x 72 processinginitsand36 layersof memoryin eachwasmanufctured
usinga 0.25um digital CMOS process.The array processocan performgray-scale
Heun’s integrationof spatialcorvolutionswith linear, quadraticand cubic activation
functionsfor a 72x 72 datawhile keepingall I/O operationsduring processindocal.
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One completeHeuns iteration round takes 166.4us while the power consumption
duringprocessings 192mW Experimentatesultsof statisticalvariationsin the mul-
tipliers andpolynomialcircuitswereshown.

Therealizedmixed-modecellulararrayprocessoshans thatit is possibleto real-
ize a polynomial CNN usingthe mixed-modeCNN architecture.The measuregro-
cessingvariationscanbe usedto assesshe obtainableaccurag, andfurthermore the
applicability of the mixed-modedesignto the epilepsypredictionalgorithmandother
algorithmsdescribedusingpolynomial CNN theory Descriptiongegardingpotential
improvementsn theimplementectellulararrayprocessoweredescribed.

Beinga combinatiorof analoganddigital processinginits,themixed-modeCNN
is an attemptto combinethe benefitsof the continuouslydiminishing digital gates
and the compactnes®f analogcomputing. The world of electronicsis becoming
increasinglydigital. However, whenit comesto devicesthat have to procesdarge
guantitiesof sensoryinformation,in someapplicationstheremay be a demandfor
analog/mixed-signalrrayprocessinglsoin thefuture.
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Figure A.1 Microphotographof thechip.
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Appendix B

Description of Control Signals

The following tablesshaow the control signalsof theimplementectellulararray pro-

cessorThechipis bondednto a PGA-144package Thecontrol,biasandtestsignals
are groupedso that TablesB.1 and B.2 are integrator control signalsand signalsin

Table B.3 control the global I/0. Table B.4 shawvs the two leastsignificantrow ad-

dresssignalsandthe columnactivation signals. Table B.5 shows the addressethat
areusedto identify thelayerandweightaddressesnsbof row addres&ndwrite sig-

nal of weights.TableB.6 shovsthe 8-bit globall/O bus. Thebuscanbewrittenusing
3V signals,but the outputHI level of the busis 1.8V. Table B.7 describegestpins

thatcanbe usedto measuregheteststructureof thedummyPU andthe A/D control

signals.TableB.8 describeshedifferentbiasandreferencesoltagesandcurrentshat
areneededon chip. TableB.9 shows the operatingvoltagesand correspondingins

usedin this design.Finally, TableB.10shawvstypical valuesof the biasandreference
voltages.
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Description of Control Signals

| signalname | pin# | explanation |

SAMPLE 98 ADC samplesignal risingedgestartsA/D corversion

WR_1 131 write signalof REG_1,active HI

WR_2 129 write signalof REG_2,active HI

WR_Y 130 write signalof REG_Y, active HI

WR_CMB 118 write signalof REG_CMB,active HI

ADD_CT 120 controlswhetherREG_Y or from_A/D controlsthe
bottominputof theadderwhenHI, from_A/Dis cho-
sen)

RG2_CT 121 controlswhetherREG_CMB or from_A/D is fed to
REG_2(whenHI, REG_CMBis chosen)

WR_Y 122 controlswhetherREG_1or REG_Y controlsintegra-
tor outputsrg_Candrg_B (whenHI, REG_lis cho-
sen)

TableB.1 Integratorcontrolsignals byte1. Denotedby INTEG1(8, 1) in FigureC.1.

| signalname | pin# | explanation |

Z AD 115 zeroSRAMsin A/Dp

Z PR 116 zeroSRAMsin A/Dqg

WR_D 114 enableswriting of SRAM in ADCp togetherwith
CT[6]-CT[0], active HI

WR_Q 113 enableswriting of SRAM in ADCq togetherwith
CTI[6]-CT[0], active HI

N_GATE 83 pass-gateontrol,Hl connectvoltageV_MID to data
bus(prechage)

SwW 132 HI opensa conditionalpull-down pathin the output
driver of the SRAM (LO duringprechage)

COL_EN 140 columndecoderenableactive HI

EN_DEC W | 48 enabledecoderthat producedayer activation signals
act[36]-act[1] or weight activation signalsWR[27]-
WR[1], active HI

TableB.2 Integratorcontrolsignals byte2. Denotedby INTEG2(8, 1) in FigureC.1.

| signalname | pin# | explanation

RD_GBRG1 | 125 globalreadof SRAM REG_1,active HI
RD_GBRG2 | 128 globalreadof SRAM REG_2,active HI
RD_GBRGY | 127 globalreadof SRAM REG Y, active HI
RD_GB_OFF| 117 globalreadof SRAM in A/Dq, active HI
WR_GBRG1 | 123 globalwrite of registerREG_1,active HI
WR_GBRG2 | 124 globalwrite of registerREG_2,active HI
WR_GBRGY | 126 globalwrite of registerREG Y, active HI
WR_BIAS 3 write SRAM in dummyPU, active HI

Table B.3 Globall/O controlsignals.Denotedby GB10(8, 1) in FigureC.1.
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| signalname | pin# | explanation |

ROW_A1l 97 row addresit (Isb), whenrow addresss addres®H
thehighestrow is activated

ROW_A2 96 row addresdit

COL_A®6 139 columndecoderaddressit (msh, addres©0H acti-
vatestheleft column

COL_A5 138 columndecoderddresdbit

COL_A4 137 columndecodeaddresdit

COL_A3 136 columndecoderaddresdbit

COL_A2 135 columndecodeaddresdit

COL_A1 134 columndecoderddresdit (Isb)

Table B.4 Columnactivationsignalsandtwo leastsignificantrow addressignals.Denotedby
DEC1(8,1) in FigureC.1.

| signalname | pin# | explanation |

WR_W 55 write signal of SRAMs that are usedto store the
weights,active HI

ROW_A3 89 row addresdit (msh

AD6 49 decoderaddresshit (msh identifieslayer activation
signalsact[36]-act[1] and weight activation signals
WR[27]-WR[1]

AD5 50 decodeddresdit

AD4 51 decoderaddresit

AD3 52 decodeddresdit

AD2 53 decoderaddresit

AD1 54 decodemddresit (Ish)

Table B.5 Layerandweightdecodermddressesnsbrow addressandwrite signalof weights.
Denotedby DEC2(8,1) in FigureC.1.

| signalname | pin# | explanation
GB_BUSS8 43 globalinput/outputbus (msh
GB_BUS7 42 globalinput/outputbus
GB_BUS6 41 globalinput/outputbus
GB_BUS5 40 globalinput/outputbus
GB_BUS4 39 globalinput/outputbus
GB_BUS3 38 globalinput/outputbus
GB_BUS2 37 globalinput/outputbus
GB_BUS1 36 globalinput/outputbus (Isb)

Table B.6 Globaldigital I/O bus. OutputHI level is 1.8V. Denotedby GBBU S(8, 1) in Figure

C.1.
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| signalname | pin# | explanation |
WX1_SW 67 pin that allows the weight voltage correspondingo

A(llg to bemeasureautsidethechip

V_X1 143 voltage correspondingo linear termin dummy PU,

connectedo groundduringprocessing

V_X2 141 voltage correspondingo quadraticterm in dummy
PU

V_X3 142 voltage correspondingo cubic term in dummy PU,

connectedo groundduringprocessing

I_1P_OUT 144 I+ output currentof dummy PU, from a p-mirror
(scaledup by two)

|_ TO 1P 44 externalcurrentto | * input of leftmostPU in second
row for testingof ADC, divided by 6 beforecorver-

sion

SW1_OuT 82 ADC controlsignalCT[0] drivenoutsidethechip,in-

cludedin orderto find out corversiontime andlength
of pulse(pulseratio)

V_MID 88 prechage voltage,generatedn chip, canbe driven
alsoexternally

TableB.7 Testvoltagesandcurrentsthatcanbe measureautsidethe chip.
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signalname | pin# | explanation |

VRESX1 74 gatebiasof n-typel/V corvertercorrespondingo lin-
earterm

VRESX2 111 gate bias of p-type I/V corverter correspondingo
guadratiderm,negative, unprotectecad

VRESX3 75 gatebiasof n-typel/V corvertercorrespondingo cu-
bic term

VCMX1 70 biasvoltageof n-typel/V corvertercorrespondingo
linearterm

VCMX2 69 biasvoltageof p-typel/V corvertercorrespondingo
guadratiderm

VCMX3 73 biasvoltageof n-typel/V corvertercorrespondingo
cubicterm

VSSA X2 68, sourcevoltageof transistorM1 in the circuit for pro-

112 ducingthequadratiderm

BIAS W 56 biasvoltageof the I/V corverterusedin the genera-
tion of weights

DELAY_BIAS| 81 controlsdelayof currentstarvinginverterin A/D gen-

erationblock, connectedo a currentmirror

Bl_PULLD 133 pull-down biasof multiplier, connectedo gate

BI_PU 119 pull-up biasof full adderandhalf adderin integrator,
connectedo gate
V_|I_DAC 45 referencevoltage/currenof in-cell DACs,thecurrent

is dividedby 2 in the corverter

NOTE: V_I_DAC is connectedo VSSif WR_Qis
active (HI)

if WR_QisLO, V_I_DACis atbiasvoltage,seetyp-
ical valuesin TableB.10

V_I_AD 46 referencevoltage/currenbf ADCs, the currentis di-
videdby 2 in thecorverter
VI W a7 referencevoltage/currenbf the ADC thatis usedto

generatéheweights,input currentis dividedby 2

Table B.8 Biasandreferencevoltages.
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| signalname | pin# | explanation

VDD 77,78,85,86,93,94, | 3V digital operatingvoltage
101,102

VDD25 76,79,84,87,92,95, | 2.5V digital operatingvoltage
100,103

VSS 4,6,9,11,12,14,17, | digital ground
19,20,22,25,27,28,
30,33,35,90

VDDA 5,10, 13,18, 21, 26, | 3V analogoperatingvoltage
29,34

VSSA 7, 8, 15, 16, 23, 24, | analogground
31,32,91

VDD_MEM 57 3V operatingvoltage of weight mem-

ory andregisterREG_Bin dummyPU

Table B.9 Operatingvoltages.

| signalname | voltage(andthe correspondingurrentif applicable) |

BI_PU 1.807(fast)-1.945slow)

BI_PULLD 0.352

VSSAX2 0.224,theloadcurrentis upto 1.7mA

VCMX1 0.617,theloadcurrentis upto 5mA

VCMX2 0.615,theloadcurrentis upto 1.7mA

VCMX3 0.502 theloadcurrentis upto 1.7mA

VRESX1 2.347

VRESX2 -0.795

VRESX3 2.053

BIAS_W 0.265

VI W 0.941,correspondingurrent14.2uA

V_|_AD 0.746, correspondingcurrent 3.74A, 0.776, corresponding
current5.2uA.

V_I_DAC 0.685, correspondingcurrent 2,1uA, 0.713, corresponding
current2.751A

DELAY_BIAS| 0.454,correspondingADC samplingtimets is 3.3us. 0.527,
correspondindADC samplingtimets is 700ns

Table B.10 Typical biasvoltages/currents.



Appendix C

MeasurementSetup

Thefunctionalmeasurementsf the chip werecarriedout usinga PCB measurement
boardthatwasdesignedspecificallyfor theimplementecthip. Sincethe speedf the
measuremenoardis limited, the speedand power measurementaere completed
usinga patterngeneratar In this appendixthe measuremergetupthat wasusedin
thefunctionalmeasurementandthe speed/pwer measurements explained.

C.1 MeasurementBoard

A PCB measuremenboard was built using discretedigital logic circuits, latches,
buffers (74HC series)and SRAMs. The parallel port of a PC was usedto control
the measurementioard. The port wasprogrammedisingC programminganguage.
The PC was also usedto provide the datato/from the chip andto displaythe data.
The parallelport of a PCis composedf threeports, namelydataport, control port
andstatusport. In the measuremerthoardthe eight bits of the dataport sene asa
bi-directionaldatabus, while the control port is usedto provide the boardwith four
controlsignals.

FigureC.1shaws a block diagramof the measuremertioard. The boardis com-
posedof five SRAMSs, latches buffersandlogic circuits. The bi-directionaldataport
of the PCis connectedo bus PC 10(8,1) in the measurementioard. Bi-directional
databusGB BU S(8, 1) interfaceshetweerthemeasuremertoardandthechip. When
datais transferredrom PCto thechip, resistorsR1 andR2 divide the 5V outputvolt-
agesof buffer B1 sothat3V signalsarecorveyedto the chip throughbuffer B2. The
outputHI voltageof databusGB10(8,1) is 1.8V whenthechipdrivesit. The operat-
ing voltageof buffer B3 is 3V andthe operatingvoltageof buffer B1 is 5V. Therefore,



128 MeasurementSetup

the outputHI voltageis scaledup beforewriting it to the PC. Latches7 and8 con-
trol chip inputs DEC1(8,1) and DEC2(8,1) while SRAMSs 3-5 control chip inputs
INTEG1(8,1), INTEG2(8,1) andGBI10(8,1).

Ten control signals(shovn on the left side of Figure C.1) are neededo control
the measurementboard. However, the parallel port only providesfour control sig-
nals. Therefore alogic partis alsoincludedin the measuremertioard. Thisis used
to turn the four parallel port signalsinto ten control signals. The logic part of the
measurementioardis shovnin FigureC.2.

C.1.1 Control of the Board
C.1.1.1 Control Signals

Table C.1 shaows the bits of the control port thatare usedto controlthe measurement
board.Bit5 (ena_bidii) is usedinternallyin the parallelport of the PC. It determines
whetherthe dataport is in transmitor receive mode. Signalspcr/w; D, A andpc_clk
arecontrolledby controlportbits bit3, bit2, bitl andbit0. Signalsprc/w, A andpc_clk
areinvertedin the parallelport. For example,whenHlI is written to bit3, pcr/wis LO.
Signalpcr/wis usedto controlthedriversof the bi-directionaldatabus on the board.

control inverted signal explanation

port bit name

bit5 - ena_bidir | WhenLO, datais transferredrom PC
to board. WhenHI datais transferred
from boardto PC.

bit3 yes prciw When pcr/w is LO, datais written

from PC to board. When pcr/w LO,
ena_bidirmustbeHI anddatais trans-
ferredfrom boardto PC.

bit2 no D mode bit, controls decoder DEC M
(shovnin FigureC.2)

bitl yes A mode bit, controls decoder DEC M
(shawvnin FigureC.2)

bit0 yes pc_clk clock signalof theboard

Table C.1 Bits of thePCcontrolportandcorrespondingignals.

C.1.1.2 Operating Modes

The measuremerttoardhasfour operatingmodesthat are selectedby decodingsig-
nalsA andD. Thesemodesareexplainedin TableC.2. Themeasuremerioardworks
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Figure C.2 Controllogic of themeasuremertioard.

sothatfirst modebit pc_mshis actvatedandmsbaddresss writtento LATCH_msb
Similarly, Isb addresss writtento LATCH_Isb Thenthe operatingmodeis switched
to ena_dec In this mode,addressad(16,1) is providedto the SRAMs anddecoder
DEC_A Theoutputsof DEC_Aidentify which SRAM or latchis written. TableC.3
shaws the addressesf the latchesand SRAMs. EachSRAM hasa 12-bit address
space(bits ad(12, 1)) andcanthereforestore4096 eight-bitwords. The SRAMs are
groupedasshovn in TableC.4. SRAM 1 storeshe next msbaddresseaxt ad(16,9),
SRAM 2 storesthe next Isb addressesxt_ad(8,1) and SRAMs 3-5 storethe dataof
the control chip inputs INTEG1(8,1), INTEG2(8,1) andGB10(8,1). By storing
thesedatalinesto the SRAMs,the measuremertioardcanbe programmed.

After the SRAMs andlatchesarewritten, the operatingmodeis switchedto pro-
cessingmode(ena_poc s activated). Whenlatchenablesignal LE3is HI (LE1 and
LE2 areLO), the outputdataof the SRAMsis storedto latchesl-5. ThenLE1, LE2
andLE3aretoggledandthe outputdataof latchesl and2 (next addressixt_ad(16,1))
is storedto LATCH_msbandLATCH_Ish Therefore whenthe latch enablesignals
aretoggled,the SRAMs arereadfrom addressethat areprogrammedo SRAMs 1
and2.

C.2 Carrying out the Measurements

Sincethemeasurementoardcanstorecontrolsequencesf thechipinputsINTEG1(8, 1),
INTEG2(8,1) andGB10(8,1), thel/O bottleneckof theparallelportis somavhatre-



C.2 Carrying out the Measurements 131

| D | A | actvemodesignal

explanationof the operatingmode |

LO | LO | pc_msb PCwritesthemsbaddres¢o LATCH_Isb
LO | HI | pc_Isb PCwritesthelsb addresdo LATCH_Isb
HI | HI | ena_dec decodeDEC_Ais enabledAD(15,13)are

used as decoderinputs and the decoder
outputsactivate one of latches7 or 8 or
SRAMs

HI | LO | ena_poc processingnode

Table C.2 Measurementboardoperatingmodes.

| ad(15,13) | active SRAM or latch |
0x00 SRAM1 (msh
0x10 | SRAM2(Isb)
0x20 SRAM3
0x30 SRAM4
0x40 SRAM5

0x50 -
0x60 latch7
0x70 latch8

Table C.3 Programminghe SRAMs.

laxed. Datafor chip inputsDEC1(8,1) andDEC2(8,1) is storedin the PC because
decodeinputsignalsareeasyto produceby programmingwith C languagen the PC.
Thedownsideis thatchangingDEC1(8, 1) or DEC2(8, 1) takesarelatively longtime.
However, the speeds sufficient for functionalmeasurements.

The speedand power measurementaere carriedout so thatfirst the datato be
processedvas loadedinto the chip, thenthe control of chip inputsINTEG1(8,1),
INTEG2(8,1) and DEC2(8,1) wasgivenfor a patterngeneratar The patterngen-
eratorprovided the fast switching signalsfor the chip andthe integration sequence
was completed. Thenthe control of chip inputsINTEG1(8,1), INTEG2(8,1) and
DEC2(8,1) wasgivenbackfor the measuremenrtioard,anddatareadfrom the chip
to thePC.
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[ SRAM# | 1 [ 2 [ 3 | 4 [ 5 |
[ dataline | nx ad(16,9) | nxad(8,1) | INTEGL | INTEG2 | GBIO |

Table C.4 Contentsf onecontrolline in aprogram.




